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Field-Based Metabolomics of Vitis vinifera L. Stems Provides New Insights for Genotype Discrimination and Polyphenol Metabolism Structuring
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Grape accumulates numerous polyphenols with abundant health benefit and organoleptic properties that in planta act as key components of the plant defense system against diseases. Considerable advances have been made in the chemical characterization of wine metabolites particularly volatile and polyphenolic compounds. However, the metabotyping (metabolite-phenotype characterization) of grape varieties, from polyphenolic-rich vineyard by-product is unprecedented. As this composition might result from the complex interaction between genotype, environment and viticultural practices, a field experiment was setting up with uniform pedo-climatic factors and viticultural practices of growing vines to favor the genetic determinism of polyphenol expression. As a result, UPLC-MS-based targeted metabolomic analyses of grape stems from 8 Vitis vinifera L. cultivars allowed the determination of 42 polyphenols related to phenolic acids, flavonoids, procyanidins, and stilbenoids as resveratrol oligomers (degree of oligomerization 1–4). Using a partial least-square discriminant analysis approach, grape stem chemical profiles were discriminated according to their genotypic origin showing that polyphenol profile express a varietal signature. Furthermore, hierarchical clustering highlights various degree of polyphenol similarity between grape varieties that were in agreement with the genetic distance using clustering analyses of 22 microsatellite DNA markers. Metabolite correlation network suggested that several polyphenol subclasses were differently controlled. The present polyphenol metabotyping approach coupled to multivariate statistical analyses might assist grape selection programs to improve metabolites with both health-benefit potential and plant defense traits.
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INTRODUCTION

Grapevine produces a myriad of bioactive phenolic compounds that are present in berries, leaves and stems, whereby this complex chemical composition can vary upon genotypes and environmental parameters. Because phenolic compounds in red wine have been associated to the “French paradox” (low incidence of cardiovascular disease despite a diet rich in saturated fats) an unprecedented interest was conferred to these natural products due to their potential benefit for human health (Smoliga et al., 2011). Indeed, numerous studies reported their role in preventing various diseases such as cancers, obesity, atherosclerosis and neurodegenerative diseases as well as an extension of cell longevity (Delmas et al., 2011; Weng and Yen, 2012).

Phenolic compounds represent a large class of specialized metabolites ubiquitous in the plant kingdom that derived from the phenylpropanoid and polyketide pathway. They are involved in many physiological functions such as plant cell wall structures, protection against UV radiation, defense against herbivores and pathogens and attraction of plant pollinators as floral pigments and flavors. Besides ubiquitous phenolic compounds including flavonoids, hydroxycinnamates, and benzoates, grapevine accumulated peculiar non-flavonoid compounds called stilbenoids. E-resveratrol formed by the stilbene synthase (STS) constitutes the first stilbenoid product (Figure 1) that is also the precursor for a wide range of stilbene biosynthetic products with diverse biological activities (Shen et al., 2009; Rivière et al., 2012). Stilbenoid compounds act as phytoalexines i.e locally induced antimicrobial molecules. E-resveratrol and its dimer E-ε-viniferin are biologically active against the grape pathogens downy mildew (Pezet et al., 2004), powdery mildew (Schnee et al., 2008) and gray mold (Adrian and Jeandet, 2012). Recently, resveratrol oligomers showed activities against grape fungal diseases (Lambert et al., 2013; Schnee et al., 2013). Grapevine accumulates stilbenoids mainly in lignified organs such as stems, seeds, roots and in clusters (Bavaresco et al., 1997; Bavaresco and Fregoni, 2001). By the way, the winter-pruned wood from vineyard has been proposed as a source of valuable bioactive compounds.
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FIGURE 1. Overview of polyphenol metabolism in grape stems. PAL, phenylalanine ammonia lyase; C4H, cinnamate 4-hydroxylase; C3H, 4-coumarate 3-hydroxylase; 4CL, coumaric acid CoA ligase; CHS, chalcone synthase; STS, stilbene synthase.



Metabolomics is the systematic study of all small-molecular weight metabolites present within a cell, tissue or organism. Grape metabolomics has contributed greatly to the chemical characterization of wine (Flamini et al., 2013). Advanced metabolomic tool applied to wine chemical analysis revealed unexpected signature, like the geographic origin of cooperage oak wood used during winemaking (Gougeon et al., 2009) and ancient winemaking practices (Jeandet et al., 2015). Metabolomics studies based on vineyards experiments have been mainly focused on berries during development and Botrytis infection (Zamboni et al., 2010; Agudelo-Romero et al., 2015; Negri et al., 2017; Wang et al., 2017). In grape stems, Lambert et al. (2013) reported that major compounds stilbenoids greatly vary with cultivars. In contrast, the targeted metabolomic analysis of polyphenol-rich grape stems is unprecedented. Recently, the development of metabolomic approaches has led to the concept of metabolic phenotype that considers a metabolic profile as a result of the genotype expression under environmental conditions. It is particularly relevant for plant metabotypes based on specialized metabolites since they might vary according biotic and abiotic stresses (Semmar et al., 2008).

The aim of the study was to assess to the variability of polyphenol metabolism across eight different varieties of Vitis vinifera L. (Sauvignon, Chenin, Chardonnay, Pinot Noir, Grolleau, Gamay, Malbec, and Cabernet Franc) grown under uniform environmental conditions (soil, microclimate, and training system) to emphasize the genetic dominance in polyphenol profiles. We used UPLC-MS-based targeted metabolomics to identify the metabolic composition of grape stem that correspond to the main site of accumulation for stilbenoids in vines. Chemometric tools including principal component analysis (PCA), partial least square discriminant analysis (PLS-DA) and hierarchical cluster analysis (HCA) were used to identify the overall metabolomic similarity/dissimilarity among the samples. Metabolomic and SSR-based clusterings were compared to assess the relationship between biochemical and genetic distances. In addition, pair wise correlation of metabolites highlighted new relationships within the stilbenoid metabolism.

MATERIALS AND METHODS

Vineyard Features and Environmental Parameters

The study was conducted during vintages 2013 and 2017 on 39-year-old vines in the school of Viticulture of Amboise in the Loire Valley Region (France; 47°39′59.46″N, 0°97′61.54″E). Eight adjacent vineyard parcels were planted with V. vinifera cv. Sauvignon, Chenin, Chardonnay, Pinot Noir, Grolleau, Gamay, Malbec (Cot), and Cabernet Franc (Figure 2; Table 1) on a clay-calcareous soil at a spacing of 1 m (within row) × 1 m (between rows) corresponding to 10,000 vines/ha. The vineyards were conducted with standard organic management practices with double Guyot pruning system. Climate in the Loire Valley is described as a temperate oceanic climate with, average daily temperatures from May to September 2013 corresponding to 17°C with a maximum of 34.8°C and a minimum of 3.4°C. Rainfall during this period corresponded to 297 mm with 70 rainy days. In 2017, for the same period, the average daily temperatures corresponded to 18°C with a maximum of 36.9°C and a minimum of 3.8°C. Rainfall during this period corresponded to 258 mm with 66 rainy days. Following the vegetative period and the grape harvest, stems from the eight parcels were pruned on 14 December 2013 and 19 December 2017.
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FIGURE 2. Location of the vineyard plots planted with the 8 different grape varieties in Amboise (Loire Valley, France). Grape stems were randomly pruned across the total area of each plot as indicated by circle positions.




Table 1. Description of the experimental setup in vineyards.
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Extraction, Analysis, and Identification of Metabolites

To overcome intra-plot variations, 60 stalks per parcel were pruned from 60 vines across the total area of each plot by harvesting an equal number of stalks from each vine row (Figure 2). One section of 10 cm long was cut from each stalk and then, we performed a randomized draw to constitute 5 pseudo-biological replicates for each grape variety where each lot was randomly composed by 10 sections (10 sections × 5 replicates × 8 varieties). Grape stems were stored for 10 weeks at 20°C in the dark to allow the post-pruned biosynthesis of stilbenoids (Houillé et al., 2015a). Grape stems were ground twice as previously described to obtain a powder with an average particle size of 1 mm. Stilbenoid extraction was adapted from Karacabey and Mazza (2008). Fifty milligrams of lyophilized powder were extracted in 1 mL ethanol/water solution (60:40; v/v) and shaken for 30 min at 1,400 rpm at 83°C and centrifuged at 18,000 x g for 5 min. The extracts diluted 1:5 with 0.1% formic acid were stored at −20°C prior to further analyses. UPLC-MS was performed using an ACQUITY™ Ultra Performance Liquid Chromatography system coupled to a photo diode array detector (PDA) and a Xevo TQD mass spectrometer (Waters, Milford, MA) equipped with an electrospray ionization (ESI) source controlled by Masslynx 4.1 software (Waters, Milford, MA). Analyte separation was achieved by using a Waters Acquity HSS T3 C18 column (150 × 2.1 mm, 1.8 μm) with a flow rate of 0.4 mL min−1 at 55°C. The injection volume was 5 μL. The mobile phase consisted of solvent A (0.1% formic acid in water) and solvent B (0.1% formic acid in acetonitrile). Chromatographic separation was achieved using an 18-min linear gradient from 5 to 60% solvent B. MS detection was performed in both positive and negative modes. The capillary voltage was 3,000 V and sample cone voltages were 30 and 60 V. The cone and desolvation gas flow rates were 60 and 800 Lh−1. Identification of analytes was based on retention times, m/z values, and UV spectra and by comparison with commercial standards, own purified compounds or data from literature when no authentic standards were available. Extraction and UPLC-MS analyses were performed in triplicates on the two independent experiments (vintages 2013 and 2017).

Data Mining

First, a list of mass-to-charge (m/z) ratios corresponding to molecular ions was manually established based on total ion current chromatograms from both positive and negative modes from the eight cultivars (Table 2). Secondly, UPLC-MS analyses were achieved using selected ion monitoring (SIM) mode and the resulting SIM chromatograms were integrated using the subroutine QuanLynx 4.1 for data mining. Peak integration was performed using the ApexTrack algorithm with a mass window of 0.1 Da and relative retention time window of 1 min followed by Savitzky–Golay smoothing (iteration = 1 and width = 1). The resulting pairs of m/z values and retention times were also manually examined. To evaluate the robustness of measurements and analytical variability, a pool of samples was prepared from grape stems of all varieties to obtain a quality control sample (QC) and the samples were randomly injected independently from the genotype status. Three QC samples were injected to equilibrate the system before each analytical sample set and one QC sample was injected every 8 samples to check for potential analytical drift. QC samples were analyzed by Principal Component Analysis to evaluate the reproducibility of the UPLC-MS method (Fiehn et al., 2008).


Table 2. List of grape stem polyphenols identified in studied cultivars.

[image: image]



Statistical Analysis

Multivariate Statistical Data Analysis (MVA) was performed using SIMCA P+ version 12.0 (Umetrics AB, Umeå, Sweden). All variables were mean-centered and unit-variance (UV) scaled prior to MVA. Principal Component Analysis was applied as unsupervised MVA method to reveal differences and similarities among samples without bias on experimental groups. Partial Least Squares Discriminate Analysis (PLS-DA) was used as supervised clustering to maximize the difference between metabolic phenotype and to better evaluate group structure. PLS-DA results are visualized as score plots, where each symbol represents one individual sample (grape stem extract) and the position of the symbol is achieved through a combination of this individual values on all variables. The variables that contribute to the separation of the classes can then be identified (Eriksson et al., 2006). The quality of the PLS-DA model was estimated with R2X(cum) the cumulative modeled variation in the X matrix (polyphenols), R2Y(cum) the cumulative modeled variation in the Y matrix (grape variety samples), and Q2(cum) the predictive ability. Hierarchical cluster analyses (HCA) using Ward's minimum variance method were carried out to identify sub group of cultivars. Sample harvests, UPLC-MS analyses, and MVA have been repeated twice independently (vintages 2013 and 2017.) To compare the two hierarchical clusterings obtained from the datasets of both polyphenols and SSR markers, we used the similarity index of Fowlkes-Mallows (Bk) that is ranged between zero and one, where zero represented complete dissimilarity and one, complete equality (Fowlkes and Mallows, 1983). Calculations were made with R (v3.2.2; R Core Team, 2015) with the “dendextend” package (v1.1.0). Pair-wise correlations within the data matrix of 42 metabolites were calculated for all 861 metabolite pairs. Matrix of pairwise Pearson correlation coefficients were calculated in R with the “cor” function and significance of association were obtained with the “cor.test” function. Significant correlations (>0.5) were visualized using the “igraph” package (v1.0.1) (Csardi and Nepusz, 2006) and the “graph.adjacency” function which is specially designed for such matrices. Layout of the network was adapted with the Fruchterman-Reingold algorithm (Fruchterman and Reingold, 1991).

Reagents and Chemicals

E-Resveratrol, E-piceatannol, E-piceid, catechin, epicatechin, gallic acid, gallocatechin, astilbin, procyanidin B1, procyanidin B2, and quercetin-3-O-glucuronide were purchased from Sigma-Aldrich (St Louis, MI, USA). E-ε-viniferin, Z/E-vitisin B, ampelopsin A, E-miyabenol C, and hopeaphenol were obtained by previous extraction from grape stems (Houillé et al., 2014). Acetonitrile, methanol and formic acid were purchased from ThermoFisher Scientific (Courtaboeuf, France). Ultra-pure water was prepared with a Milli-Q water purification system (Millipore, USA).

SSR Selection

Twenty two SSR markers previously developed for grape genotyping were selected for this study, corresponding to 20 SSR markers proposed by Lacombe et al. (2013) and 2 additional markers VrZAG62 and VrZAG79 from Sfec et al. (1999). The present list of markers includes the 9 SSR markers proposed by The European Vitis Database (Maul et al., 2012).

RESULTS

Concentrations of Major Stilbenoids Vary Among the Selected Genotypes

Vineyards were chosen in the Loire Valley region, the third largest wine producing area in France. To minimize the effect of environmental conditions, we selected adjacent vineyard plots having the same calcareous clay soil, each planted with different grape varieties of the same age (Sauvignon, Chenin, Chardonnay, Pinot Noir, Grolleau, Gamay, Malbec, and Cabernet Franc; Figure 2; Table 1). During the grape vine dormancy, grape stems from the eight parcels were randomly pruned across the total area to overcome intra-plot variation and stored as previously described to allow post-pruned stilbenoid accumulation (Houillé et al., 2015a; Billet et al., 2018). An accurate quantification of the major stilbenoids was achieved based on calibration curves with pure stilbenoid standards. The major stilbenoids accumulated in the eight analyzed cultivars were E-resveratrol, E-ε-viniferin, ampelopsin A, and hopeaphenol whereas other analyzed stilbenoids (E-piceatannol, isohopeaphenol, E-vitisin B, and E-miyabenol C) accounted for only a minor part of the total stilbenoids (Table S1). Our results and previous studies provided striking evidence that stilbenoid composition is highly variable in grape stems and particularly depends on genotype (Gatto et al., 2008; Lambert et al., 2013; Pawlus et al., 2013). However, these studies are restricted to few major stilbenoids representing only partial fingerprints and a systematic study of the global polyphenol composition would better assess the relationship between metabolomic composition and genotype.

Establishing the Grape Stem Metabolome

To identify polyphenols in grape stem extracts, qualitative UPLC-MS analyses in both ESI+ and ESI− modes were carried out on each grape variety and a list of molecular ions was established (Table 2). On a total of 42 compounds, 17 analytes were annotated and their molecular assignment confirmed by external standards i.e., E-Resveratrol, E-piceatannol, E-piceid, catechin, epicatechin, gallic acid, gallocatechin, astilbin, procyanidin B1, procyanidin B2, quercetin-3-O-glucuronide, E-ε-viniferin, E-vitisin B, ampelopsin A, E-miyabenol C, hopeaphenol, and isohopeaphenol. The remaining components were provisionally assigned according to MS data, UV spectra, and elution order obtained from the literature (Table 2). For instance, the peak 8 with an [M-H]− ion at m/z 441 formed daughter ions at m/z 289 (catechin unit) and 169 (gallate unit) and was putatively assigned to epicatechin 3-O-gallate (Ehrhardt et al., 2014). Among resveratrol-resveratrol homodimers ([M-H]− 453), two compounds (peaks 10 and 11) were eluted before the well-known E-ε-viniferin as well as two additional ones after (peaks 13 and 14). Compounds 13 and 14 were temporary attributed to E-ω-viniferin and E-δ-viniferin in accordance with the elution profile described in the literature (Pezet et al., 2003; Püssa et al., 2006; Mulinacci et al., 2010). Among the resveratrol-piceatannol heterodimers ([M-H]− 469), two analytes (peaks 16 and 17) were eluted after the well characterized ampelopsin A and were tentatively identified as two structural isomers of scirpusin A (Kong et al., 2010; Moss et al., 2013). Three compounds with m/z 471 (peaks 18–20) were detected, all producing the same fragmentation pattern including the product ion m/z 455 (−16 Da, loss of monoxide) and m/z 349 (−122 Da, consecutive loss of carbon monoxide and phenol). These three compounds corresponding to oxidized resveratrol dimers were temporary assigned to restritysol A or B and an additional isomeric form (Cichewicz et al., 2000; Jean-Denis et al., 2006; Mulinacci et al., 2010). A group of five compounds with m/z 577 (peaks 22–26) were attributed to B-type procyanidins (Ehrhardt et al., 2014). Through comparison with external standards, peak 22 and 25 were identified as procyanidin B1 and B2, respectively. The peak 27 with an [M-H]− ion at m/z 615 produced a product ion at m/z 453 (a resveratrol dimer) corresponding to a loss of glucose (162 Da). Consequently, this compound was attributed to a resveratrol dimer glucoside in agreement with Moss et al. (2013). The peak 28 with an [M-H]− ion at m/z 677 corresponding to a resveratrol dehydrotrimer was temporary assigned to α-viniferin (Mattivi et al., 2011). A total of 5 peaks (29–33) exhibited an [M-H]− ion at m/z 679 including the known E-miyabenol C (peak 32) were assigned to resveratrol trimeric forms. Due to their low concentration in grape stems no fragmentation pattern could be obtained. The peak 34 with an [M-H]− ion at m/z 865 produced a product ion at m/z 576 corresponding to the loss of a catechin unit (289 Da). Therefore, this compound was assigned to procyanidin trimer (Monagas et al., 2006). The compound with m/z 904 was temporary assigned to a dehydrogenated resveratrol tetramer according to Ito et al. (1999). A group of six compounds (peaks 36–41) exhibiting an [M-H]− ion at m/z 905 including hopeaphenol (peak 36), isohopeaphenol (peak 37), and E-vitisin B (peak 41) were assigned to resveratrol tetrameric forms. Additionally, a compound producing an ion at m/z 923 (peak 42) was temporary assigned to viniferol E according to Fujii et al. (2005).

Analysis of Metabolomic Variations With Multivariate Statistical Analysis Enables Genotype Discrimination

A principal component analysis was performed as unsupervised clustering to show similarities and differences among the polyphenol dataset from 2013. The PCA score plot of the two first components shown in Figure 3 explained 38.8% of the variation. Although a perfect separation of sample groups could not be obtained, differences could be identified according to the genotypic origin of grape stems and to the grape varietal color. Indeed, the three white cultivars Chenin, Sauvignon, and Chardonnay were regrouped on the PCA score plot. Then, a PLS-DA approach was applied to sharpen group separation and to predict a dependent variable such as cultivar color or genotype. PLS-DA score plot with cultivar color as variable (diagnostic of the model: R2Xcum = 56%, R2Ycum = 93%, Q[image: image] = 64%) clearly clustered two classes (Figure 4A) with PC1 and PC2 explaining 18.8 and 7.4% of the variation, respectively. The loading plot shows the underlying metabolites responsible for the separation with round size relative to the abundance of the selected ion (Figure 4C). The two most abundant ions E-ε-viniferin (peak 12) and E-resveratrol (peak 2) were not responsible for the group separation according to cultivar color, however some minor compounds participate to color discrimination, e.g., DP4 stilbenoids (peak 35–39, 42) and procyanidins (peak 22, 25, 34), in red cultivars with PC1 positives scores. PLS-DA conducted in year 2017 (R2Xcum = 52%, R2Ycum = 97%, Q[image: image] = 77%) showed similar results (Figures 4B,D).
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FIGURE 3. Unsupervised classification using PCA. Score plot on polyphenol data from grape stems of eight genotypes in 2013. Variables in plot were colored according to the genotype.
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FIGURE 4. Supervised classification using PLS-DA with “cultivar color” as dependent variable on polyphenol data from grape stems of eight genotypes in 2013 (A,C) and 2017 (B,D). Variables in score plots (A,B) were colored according to cultivar color. Variables in the loading plots, (C,D) were colored according to polyphenol class with round size relative to the abundance of the selected ion. Numbers indicate the ID of the compounds as given in Table 2.



In a second step, a PLS-DA with genotype as dependent variable was performed (R2Xcum = 82%, R2Ycum = 90%, Q[image: image] = 74%). The score plot explained 38.2% of the total variation (Figure 5A) and the corresponding loading plot showed the contribution of each polyphenol (Figure 5C). No single polyphenol (biomarker) or specific class of polyphenol was responsible for the varietal discrimination albeit some metabolites were found prominent in specific genotypes. E-ε-viniferin-rich varieties (Chenin, Sauvignon, Malbec) are projected in PC1 positive whereas stilbenoid DP4-rich varieties (Cabernet Franc, Grolleau) are projected in PC1 and PC2 negative scores. E-resveratrol-rich varieties e.g., Gamay are projected in PC2 positive whereas E-resveratrol-poor varieties e.g., Grolleau are projected in PC2 negative. Such PLS-DA was reproduced on the polyphenol dataset in year 2017 (R2Xcum = 89%, R2Ycum = 95%, Q[image: image] = 80%) and the same metabolic signatures were observed (Figures 5B,D). A hierarchical clustering analysis (HCA) was applied on the loading matrix to identify the differential variables that account for the separation. A dendrogram showing the overall structural similarity determined by Ward's clustering based on Euclidean distance is represented in Figure 5E (year 2013) and Figure 5F (year 2017). Interestingly, HCA shows a perfect separation of classes as previously suspected on Figures 5A,B and enables the varietal discrimination of grape stems based on polyphenol-targeted metabolomics coupled to MVA. Moreover, the dendrogram structures (Figures 5E,F) reveal subgroups of cultivars suggesting the likelihood of distance in between the different metabolic phenotypes that were just established.
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FIGURE 5. Supervised classification using PLS-DA with “genotype” as dependent variable on polyphenol data from grape stems of eight genotypes in 2013 (A,C,E) and 2017 (B,D,F). Score plots (A,B), PLS-DA loading plots (C,D), and dendrograms of HCA (E,F) using Ward's minimum variance method for the loading matrix. Variables in score plot were colored according to genotype. Variables in the loading plot were colored according to polyphenol class with round size relative to the abundance of the selected ion. Numbers indicate the ID of the compounds as given in Table 2.



Testing Relationship Between Metabolomic and Genetic Distance Among the Eight Grape Varieties

Since the field setup was chosen to mitigate the environmental impact on polyphenol metabolism, we hypothesized that a genetic determinism was responsible for the biochemical distance described above. To support this assumption, we used 22 Simple Sequence Repeats (SSRs) previously characterized by Lacombe et al. (2013) and Sfec et al. (1999) for genotyping of the grapevine cultivars to assess the link between metabolic phenotype and genetic variation. HCA was applied on the loading matrix containing the 22 SSRs of the eight cultivars and the corresponding dendrogram is presented in Figure 6. Clustering based on SSRs markers showed relative similarities with that on polyphenols in year 2013 (Figure 5E). Particularly, the sub group containing Gamay, Pinot Noir, and Chardonnay was observed for both types of datasets. Chenin, Sauvignon, and Malbec were also found to be closely related. To refine the similarity study between the two dendrograms, we used the Fowlkes-Mallows index (Bk). The Bk index relies on the k parameter that represents the threshold at which both dendrograms are cut and the number of matching entries is count in the resulting k clusters of each tree (Fowlkes and Mallows, 1983). The resulting Bk plot presented in Figure 7 showed excellent similarity index for cluster numbers k between 3 and 5. This indicates that the structure clustering of both polyphenol and SSR marker datasets are closely related and polyphenol composition in grape stems was linked to the genetic distance of cultivars.
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FIGURE 6. Dendrogram of HCA based on Ward's clustering of 22 SSR markers of the eight genotypes.
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FIGURE 7. Similarity index of the two dendrograms obtained from polyphenols in 2013 and SSR markers as function of k clusters selected.



Metabolic Network Analysis Among the Eight Grape Varieties Shows a Strong Structuring of Polyphenol Metabolism

A co-variation analysis of metabolites represents a potential source of information on the global properties of the system. The fluctuations of metabolite levels and their interdependence may reveal metabolites or pathways depending on similar control mechanisms including endogenous and exogenous factors (Steuer, 2006). To reveal polyphenols with similar pattern of accumulation among the 8 tested genotypes, pair-wise correlations were calculated between metabolites levels within the dataset of 42 compounds in year 2013. Significant correlations were visualized in a correlation-based network where metabolites are represented by node and significant correlation by edges (Figure 8). Among the 861 tested pair-wise correlations, 68 significant positive correlations were found (threshold: r > 0.5 and P-value < 0.05). The correlation network showed that the structurally related compounds are intercorrelated and clustered together (Figure 8A). On the whole, metabolites belonging to flavonoid or stilbenoid pathways are grouped together within the network. The clustering topology of the network allows the identification of groups of nodes with similar pattern of behaviors among the eight tested genotypes. One group of nodes mainly containing monomers (E-resveratrol, E-piceatannol) and dimers (scirpusin A1 and A2, restrytisol A and B) showed a higher degree of node-connectivity (threshold: r > 0.7 and P-value < 0.05; Figure 8B). This high connectedness underlines the dominant role of both E-resveratrol and E-piceatannol as precursor of oligomeric-type stilbenoids (Moss et al., 2013). As an example (Figure 8B), scirpusin A (16), a piceatannol-resveratrol heterodimer is connected by an edge with both resveratrol (2) and piceatannol (3) whereas restrytisol A (18) and B (19) an oxidized resveratrol-resveratrol homodimer is connected with resveratrol (2) only. A second group of nodes belonging to the stilbenoid pathway mainly contained trimers and tetramers of resveratrol with a high degree of node-connectivity. A third group of nodes including both procyanidin and stilbenoid showed also a clustering.
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FIGURE 8. Correlation-based networks of polyphenol metabolism related compounds in grape stems in 2013. Metabolite pairs whose correlation was significant with a minimum correlation coefficient of 0.5 (A) and 0.7 (B) are connected. Nodes represent metabolites and color refers to the class of polyphenols. Node numbers indicate the ID of the compounds as given in Table 2. Short node distance (Pearson correlation coefficients) and thick lines (P-values) indicate high correlation.



DISCUSSION

Grape polyphenols play a central role in defense traits and additionally hold numerous health-benefit effects. In the present study, we investigate the metabolic phenotype of V. vinifera L. stems from a field experiment including eight varieties, to assess their polyphenol signature. Since phenylpropanoid metabolism might be influenced by abiotic and biotic stimuli (Vogt, 2010), we designed a field experiment in an attempt to homogenize as much as possible the impact of pedo-climatic factors on plant physiology in order to allow a full expression of the potential genetic determinism of grape phenylpropanoid metabolism. When targeting the analysis on stilbenoids, the major polyphenols accumulated in grape stems, marked differences were observed. Afterwards, extending the analysis to the full polyphenol content, PLS-DA technics enabled the discrimination of polyphenol signatures according to the berry color and the grape variety. HCA strategy based on PLS-DA showed the occurrence of variable discrepancies on polyphenol fingerprints. This highlights the existence of different biochemical distances between the grape varieties, which may unveil genetic backgrounds. In this way, HCA based on 22 microsatellite markers from the eight varieties was generated to figure out the genetic distances. The Fowlkes-Mallows index confirmed a certain degree of similarity between the topology of SSR markers and polyphenol-based dendrograms. Metabolite network analysis showed a fine control of structurally related polyphenols.

Variation of E-Resveratrol in Vitis vinifera L. Stems

Previous studies on V. vinifera L. stems mainly focused on E-resveratrol, as it is historically the most studied stilbenoid compound. We found that E-resveratrol levels were genotype dependent and the values were in general agreement with the literature with Pinot noir and Gamay as high E-resveratrol producer (Aaviksaar et al., 2003; Püssa et al., 2006; Karacabey and Mazza, 2008; Rayne et al., 2008; Lambert et al., 2013). Nevertheless, E-resveratrol content for a same grape variety could significantly vary. In Pinot Noir, Karacabey and Mazza (2008) found various resveratrol levels (from 1,290 to 4,060 mg kg−1 DW) depending on extraction procedures and our previous studies reported a 19-fold increase (from 250 ± 112 to 4,762 ± 952 mg kg−1 DW) during grape stem storage (Houillé et al., 2015a; Billet et al., 2018). The differences observed among these studies emphasize technical requirement of stably measurable procedures for extraction and storage of grape stems before stilbenoid analysis. Nevertheless, E-resveratrol is one stilbenoid among many other polyphenols accumulated in grape stems and we chose a metabolomic approach to explore the metabolic diversity in V. vinifera L. stems.

Polyphenol Fingerprint in Vitis vinifera L. Stems

The majority of metabolomic studies on grape and grape-derived products concern the wine for authentication, traceability, and fraud (Alañón et al., 2015) with the development of home-built wine metabolomic databases (Vaclavik et al., 2011; Roullier-Gall et al., 2014) and commercialized package (Wine screener by Bruker). However, wine production starts with vine growing and only few studies harness metabolomics-based characterization of grapevine (Son et al., 2009). In a promising approach, Son et al. (2014) described the metabolic fingerprints of six different grape cultivars grown under greenhouse conditions using skin and pulp and NMR-based metabolomics coupled to PCA analysis. Recently, metabolomics based on vineyard experiments coupled to multivariate statistical analyses has proven to be a powerful approach to identify biomarkers during berry development (Zamboni et al., 2010; Wang et al., 2017) and in Botrytis cinerea-infected berries (Agudelo-Romero et al., 2015; Negri et al., 2017). Nevertheless, the influence of variety on grape metabolome in a vineyard experiment has never been reported. In the present study, we assess the genotype signature in stems of 8 grape varieties in a vineyard experiment by UPLC-MS-based metabolomic approach coupled to multivariate statistics. The UPLC-MS-based targeted metabolomic method enabled a one-shot analysis of 42 metabolites including 16 analytes identified by comparison with authentic standards and 26 putatively identified from literature. Stilbene-type polyphenols (29/42) prevailed in grape stems compared to flavonoid-type (Figures 5C,D) suggesting a predominance of the stilbene synthase (STS) branch over the chalcone synthase (CHS) branch in wood tissues (Figure 1). It thus contrasts with the polyphenol composition of berries where chalcone derivative products are more abundant (Yin et al., 2016). STS and CHS, two similar polyketide synthases, compete for the same substrate and a negative correlation between the two branches has been already suggested (Jeandet et al., 1995). Since the metabolic flux of polyphenols is preferentially oriented toward the CHS branch in berries, the diversity of STS-derivated polyphenols is limited to several monomers including resveratrol, piceid, and pterostilbene (Suzuki et al., 2015). In contrast, in grape stems, the STS branch seems to predominate and the biosynthesis of a large set of resveratrol derivatives is observed. This specific regulation of polyphenol metabolism toward stilbenoid production in woody tissues offers unprecedented opportunities to establish metabolic fingerprints of V. vinifera L. genotypes.

Metabolic Profiles of Grape Stems Enable Discrimination According to Berry Skin Color

At a first level, the present polyphenol-targeted metabolomics of grape stems coupled to MVA enables the discrimination of genotypes according to the cultivar color. In berries, anthocyanins are accumulated during ripening giving the characteristic red color of skin. The assessment of berry metabolic fingerprints from a large germplasm collection highlights kaempferol and quercetin as biomarkers of white cultivars and B-ring trihydroxylated anthocyanins as biomarkers of the red cultivars (Mattivi et al., 2006). Although anthocyanins are not accumulated in stems (Püssa et al., 2006), the present stem-based metabolomic study showed that it is possible to discriminate color variety without berry. Interestingly, a group of stilbenoid DP4 (peak 35–39, 42) was predominantly accumulated in the stems of the red varieties in 2013 and 2017. Very few studies raised the question of stem-originated polyphenols as biomarkers of berry color (Figure 4). A comparison of the stilbenoid composition (E-resveratrol, E-piceatannol, E-ε-viniferin, miyabenol C, vitisin B, and hopeaphenol) of 16 varieties suggested that red and white varieties share a common stem metabolic fingerprint (Lambert et al., 2013). In a study performed on 8 Portuguese varieties, the stems of the 3 red varieties were globally richer in epicatechin, quercetin-3-O-rutinoside and caftaric acid whereas the 3 white varieties accumulated more E-ε-viniferin (Barros et al., 2014). The present study showed that a metabolic profile based on a large number of metabolites coupled to PLS-DA discriminates of two distinct fingerprints with DP4 stilbenoids as biomarkers of the red varieties, however future experiments should confirm such trends in a large germplasm collection.

Metabolic Profiles of Grape Stems Enable Discrimination According to Genotype

Beyond the classification depending on berry skin color, metabolic profiles of grape stems enabled discrimination of varietal origin suggesting that polyphenol profiles exhibit variety-dependent metabolic fingerprints (Figure 5). HCA perfectly separated the five genotypic replicates but also grouped genotypes according to their biochemical distances, thus suggesting a classification in accordance with their genetic distance. This chemotaxonomic notion was tested by comparing clustering similarities of both metabolomic (42 grape stem polyphenols) and genotypic (22 SSR neutral markers) datasets using the Fowlkes-Mallows index. The cut-off levels corresponding to cluster numbers between 3 and 5 gave a high value for the Fowlkes-Mallows index, indicating a greater similarity between genotype and biochemical distances. A first group of metabotypes (Gamay, Chardonnay, and Pinot Noir) corresponds to closely related genotypes previously grouped called “Noirien” when defined as eco-geographical groups by ampelographers (Levadoux, 1948; Bisson, 1999). A second group of metabotypes (Sauvignon and Chenin) belongs to the group called “Messile” originated in the French Loire Valley. Recently, these parentage relationships were confirmed by DNA sequence studies using SSR and SNP markers (Cipriani et al., 2010; Myles et al., 2011; Lacombe et al., 2013). Chardonnay and Gamay are full-siblings of Pinot noir and Gouais Blanc and Chenin is a possible natural cross of between Sauvignon and Savagnin. The biochemical distance of Cabernet Franc metabotype from “Messile” and “Noirien” groups was coherent with its genetic distance, since Cabernet Franc belongs to the “Carmenet” group and is related with cultivars from Basque Country (Boursiquot et al., 2009). Surprisingly, the clustering of Malbec metabotype within the “Messile” group (Savagnin and Chenin) does not match its genetic origin, since Malbec (syn: Cot) is a result of a cross between Prunelard and Magdeleine Noire des Charentes (Boursiquot et al., 2009). We also noted that in the second dataset (year 2017) the Gamay metabotype became irregularly distant from its genetic group (Chardonnay and Pinot Noir). Genotype-environment interactions may explain the differences observed between metabolomic and genetic distances and the vintage variations (Carreno-Quintero et al., 2013) showing that polyphenol signature is the expression of a genetic determinism on a given “terroir” (Anesi et al., 2015).

Advantages and Limits of Field-Based Metabolomic Studies

Field-based metabolomic experiments may reflect real growth conditions, however such investigations are challenging because the metabotype reflects both genetic and environmental conditions. In the present field experiment, the genotypic discrimination was achieved using a harvest protocol that limits the effect of environmental conditions and highlights variations due to the genotype. Because, polyphenol content in grape stems might be locally induced in response to pathogen attacks (Houillé et al., 2015b), the quality of sampling design in the vineyard is determinant to limit intra-plot variations. For metabolomic studies on grape stems, the large sampling size in the vineyard (60 stalks/plot/variety) combined to a randomization step (mixing of cut stalks from one plot and constitution of 5 replicates) overcomes these variations. Similarly, for metabolomic studies on grape berries grown in vineyards, crucial steps of sampling have been also characterized. Since sunlight shapes the spatial pattern of metabolites inside grape cluster (Reshef et al., 2017), this variation needs to be taken into account with adapted sampling protocols. Dealing with the different sources of variability in real growing conditions (genotypes, environment, and management interventions) constitutes one of the future challenges for field-omics (Alexandersson et al., 2014; Anesi et al., 2015).

Metabolic Network Correlation Suggests a Fine Control in Polyphenol Accumulation

The knowledge on biochemical pathways that govern resveratrol oligomerization remains largely limited (Chong et al., 2009). The identification of groups with similar regulatory mechanisms can thus be used to generate new hypotheses on corresponding biochemical pathways (Steuer et al., 2003; Toubiana et al., 2013). For instance, the identification of different clusters within stilbenoid nodes underlies the presence of different regulatory mechanisms within stilbenoid metabolism for several monomers and dimers in one hand and for trimers and tetramers in the other hand. The presence of a third group of nodes, including both procyanidins and stilbenoids, suggests that polyphenols from both flavonoid and non-flavonoid pathways might be governed by similar regulatory mechanisms potentially involving common oxidative polymerization enzymes or transcription factors.

CONCLUSIONS

We developed a UPLC-MS-based targeted metabolomic tool enabling the discrimination of grape stem metabotypes according to the variety in a field experiment. The inter-varietal distances based on biochemical composition suggested a relation with the known genetic distances. The metabolite network correlation revealed the interdependence of certain metabolites within polyphenol metabolism regulated by similar control mechanisms. In a near future, the present polyphenol metabotyping approach coupled to multivariate statistical analyses might assist grape selection programs to improve metabolites with health-benefit potential and plant defense traits.

AUTHOR CONTRIBUTIONS

KB and BH developed the UPLC-MS methods and performed the analyses. LG, MC, and NG-G were involved in the study design. TD supervised the statistical analysis. GD, SB, AO, and VC carried out data collection and analyses. AL conceived, supervised this study and wrote the first draft of the manuscript; all authors were involved in writing, and gave final approval for publication.

FUNDING

The Région-Centre Val de Loire (France) supported this work under the grant agreement to Project VITI'ACTIF (ARD2020 Intelligence des Patrimoines).

ACKNOWLEDGMENTS

The authors gratefully acknowledge Céline Mélin and Emeline Marais (EA2106 Biomolécules et Biotechnologies Végétales) for technical assistance. The authors wish to thank Didier Sorgniard and Frédéric Fourmont (high school for viticulture of Amboise, France) for access to the vineyards.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2018.00798/full#supplementary-material

REFERENCES

 Aaviksaar, A., Haga, M., Püssa, T., Roasto, M., and Tsoupras, G. (2003). Purification of resveratrol from vine stems. Proc. Estonian Acad. Sci. Chem. 52, 155–164.

 Adrian, M., and Jeandet, P. (2012). Effects of resveratrol on the ultrastructure of Botrytis cinerea conidia and biological significance in plant/pathogen interactions. Fitoterapia 83, 1345–1350. doi: 10.1016/j.fitote.2012.04.004

 Agudelo-Romero, P., Erban, A., Rego, C., Carbonell-Bejerano, P., Nascimento, T., Sousa, L., et al. (2015). Transcriptome and metabolome reprogramming in Vitis vinifera cv. Trincadeira berries upon infection with Botrytis cinerea. J. Exp. Bot. 66, 1769–1785. doi: 10.1093/jxb/eru517

 Alañón, M. E., Pérez-Coello, M. S., and Marina, M. L. (2015). Wine science in the metabolomics era. Trend Anal. Chem. 74, 1–20. doi: 10.1016/j.trac.2015.05.006

 Alexandersson, E., Jacobson, D., Vivier, M. A., Weckwerth, W., and Andreasson, E. (2014). Field-omics—understanding large-scale molecular data from field crops. Front. Plant Sci. 5:286. doi: 10.3389/fpls.2014.00286

 Anesi, A., Stocchero, M., Dal Santo, S., Commisso, M., Zenoni, S., Ceoldo, S., et al. (2015). Towards a scientific interpretation of the terroir concept: plasticity of the grape berry metabolome. BMC Plant Biol. 15:191. doi: 10.1186/s12870-015-0584-4

 Barros, A., Gironés-Vilaplana, A., Teixeira, A., Collado-González, J., Moreno, D. A., Gil-Izquierdo, A., et al. (2014). Evaluation of grape (Vitis vinifera L.) stems from Portuguese varieties as a resource of (poly)phenolic compounds: a comparative study. Food Res. Int. 65, 375–384. doi: 10.1016/j.foodres.2014.07.021

 Bavaresco, L., Cantu, E., Fregoni, M., and Trevisan, M. (1997). Constitutive stilbene contents of grapevine cluster stems as potential source of resveratrol in wine. Vitis 36, 115–118.

 Bavaresco, L., and Fregoni, C. (2001). “Physiological role and molecular aspects of grapevine stilbenic compounds,” in Molecular Biology & Biotechnology of the Grapevine, ed K. Roubelakis-Angelakis (Dordrecht: Springer), 153–182.

 Billet, K., Houillé, B., Besseau, S., Mélin, C., Oudin, A., Papon, N., et al. (2018). Mechanical stress rapidly induces E-resveratrol and E-piceatannol biosynthesis in grape canes stored as a freshly-pruned byproduct. Food Chem. 240, 1022–1027. doi: 10.1016/j.foodchem.2017.07.105

 Bisson, J. (1999). Essai de classement des cépages français en écogéogroupes phénotypiques. J. Int. Sci. Vigne Vin. 33, 105–110.

 Boursiquot, J. M., Lacombe, T., Laucou, V., Julliard, S., Perrin, F. X., Lanier, N., et al. (2009). Parentage of Merlot and related wine grape cultivars of southwestern France: discovery of the missing link. Aust. J. Grape Wine R. 15, 144–155. doi: 10.1111/j.1755-0238.2008.00041.x

 Carreno-Quintero, N., Bouwmeester, H. J., and Keurentjes, J. J. B. (2013). Genetic analysis of metabolome–phenotype interactions: from model to crop species. Trends Genet. 29, 41–50. doi: 10.1016/j.tig.2012.09.006

 Chong, J., Poutaraud, A., and Hugueney, P. (2009). Metabolism and roles of stilbenes in plants. Plant Sci. 177, 143–155. doi: 10.1016/j.plantsci.2009.05.012

 Cichewicz, R. H., Kouzi, S. A., and Hamann, M. T. (2000). Dimerization of resveratrol by the grapevine pathogen Botrytis cinerea. J. Nat. Prod. 63, 29–33. doi: 10.1021/np990266n

 Cipriani, G., Spadotto, A., Jurman, I., Di Gaspero, G., Crespan, M., Meneghetti, S., et al. (2010). The SSR-based molecular profile of 1005 grapevine (Vitis vinifera L.) accessions uncovers new synonymy and parentages, and reveals a large admixture amongst varieties of different geographic origin. Theor. Appl. Genet. 121, 1569–1585. doi: 10.1007/s00122-010-1411-9

 Csardi, G., and Nepusz, T. (2006). The igraph software package for complex network research. Interjournal Complex Syst. 1695, 1–9.

 Delmas, D., Solary, E., and Latruffe, N. (2011). Resveratrol, a phytochemical inducer of multiple cell death pathways: apoptosis, autophagy and mitotic catastrophe. Curr. Med. Chem. 18, 1100–1121. doi: 10.2174/092986711795029708

 Ehrhardt, C., Arapitsas, P., Stefanini, M., Flick, G., and Mattivi, F. (2014). Analysis of the phenolic composition of fungus resistant grape varieties cultivated in Italy and Germany using UHPLC-MS/MS. J. Mass Spec. 49, 860–869. doi: 10.1002/jms.3440

 Eriksson, L., Johansson, E., Kettaneh-Wold, N., Wilkström, C., and Wold, S. (2006). Multi- and Megavariate Data Analysis: Part I: Basic Principles and Applications. Umea: Umetrics AB.

 Fiehn, O., Wohlgemuth, G., Scholz, M., Kind, T., Lee, D. Y., Lu, Y., et al. (2008). Quality control for plant metabolomics: reporting MSI-compliant studies. Plant J. 53, 691–704. doi: 10.1111/j.1365-313X.2007.03387.x

 Flamini, R., De Rosso, M., De Marchi, F., Dalla Vedova, A., Panighel, A., Gardiman, M., et al. (2013). An innovative approach to grape metabolomics: stilbene profiling by suspect screening analysis. Metabolomics 9, 1243–1253. doi: 10.1007/s11306-013-0530-0

 Fowlkes, E. B., and Mallows, C. L. (1983). A method for comparing two hierarchical clusterings. J. Am. Stat. Assoc. 78, 553–569. doi: 10.1080/01621459.1983.10478008

 Fruchterman, T. M., and Reingold, E. M. (1991). Graph drawing by force-directed placement. Softw. Pract. Exp. 21, 1129–1164. doi: 10.1002/spe.4380211102

 Fujii, F., He, Y.-H., Terashima, K., Takaya, Y., and Niwa, M. (2005). Three new stilbene oligomers from the roots of Vitis vinifera ‘Kyohou'. Heterocycles 65, 2461–2469. doi: 10.3987/COM-05-10515

 Gatto, P., Vrhovsek, U., Muth, J., Segala, C., Romualdi, C., Fontana, P., et al. (2008). Ripening and genotype control stilbene accumulation in healthy grapes. J. Agric. Food Chem. 56, 11773–11785. doi: 10.1021/jf8017707

 Gougeon, R. D., Lucio, M., Frommberger, M., Peyron, D., Chassagne, D., Alexandre, H., et al. (2009). The chemodiversity of wines can reveal a metabologeography expression of cooperage oak wood. Proc. Natl. Acad. Sci. U.S.A 106, 9174–9179. doi: 10.1073/pnas.0901100106

 Houillé, B., Besseau, S., Courdavault, V., Oudin, A., Glévarec, G., Delanoue, G., et al. (2015a). Biosynthetic origin of E-resveratrol accumulation in grape canes during postharvest storage. J. Agric. Food Chem. 63, 1631–1638. doi: 10.1021/jf505316a

 Houillé, B., Besseau, S., Delanoue, G., Oudin, A., Papon, N., Clastre, M., et al. (2015b). Composition and tissue-specific distribution of stilbenoids in grape canes are affected by downy mildew pressure in the vineyard. J. Agric. Food Chem. 63, 8472–8477. doi: 10.1021/acs.jafc.5b02997

 Houillé, B., Papon, N., Boudesocque, L., Bourdeaud, E., Besseau, S., Courdavault, V., et al. (2014). Antifungal activity of resveratrol derivatives against candida species. J. Nat. Prod. 77, 1658–1662. doi: 10.1021/np5002576

 Ito, J., Takaya, Y., Oshima, Y., and Niwa, M. (1999). New oligostilbenes having a benzofuran from Vitis vinifera ‘Kyohou'. Tetrahedron 55, 2529–2544.

 Jean-Denis, J. B., Pezet, R., and Tabacchi, R. (2006). Rapid analysis of stilbenes and derivatives from downy mildew-infected grapevine leaves by liquid chromatography–atmospheric pressure photoionisation mass spectrometry. J. Chrom. A 1112, 263–268. doi: 10.1016/j.chroma.2006.01.060

 Jeandet, P., Heinzmann, S. S., Roullier-Gall, C., Cilindre, C., Aron, A., Deville, M. A., et al. (2015). Chemical messages in 170-year-old champagne bottles from the Baltic Sea: Revealing tastes from the past. Proc. Natl. Acad. Sci. U.S.A 112, 5893–5898. doi: 10.1073/pnas.1500783112

 Jeandet, P., Sbaghi, M., Bessis, R., and Meunier, P. (1995). The potential relationship of stilbene (resveratrol) synthesis to anthocyanin content in grape berry skins. Vitis 34, 91–94.

 Karacabey, E., and Mazza, G. (2008). Optimization of solid-liquid extraction of resveratrol and other phenolic compounds from milled grape canes (Vitis vinifera). J. Agric. Food Chem. 56, 6318–6325. doi: 10.1021/jf800687b

 Kong, Q., Ren, X., Jiang, L., Pan, Y., and Sun, C. (2010). Scirpusin A, a hydroxystilbene dimer from Xinjiang wine grape, acts as an effective singlet oxygen quencher and DNA damage protector. J. Sci. Food Agric. 90, 823–828. doi: 10.1002/jsfa.3890

 Lacombe, T., Boursiquot, J.-M., Laucou, V., Di Vecchi-Staraz, M., Péros, J.-P., and This, P. (2013). Large-scale parentage analysis in an extended set of grapevine cultivars (Vitis vinifera L.). Theor. Appl. Genet. 126, 401–414. doi: 10.1007/s00122-012-1988-2

 Lambert, C., Richard, T., Renouf, E., Bisson, J., Waffo-Téguo, P., Bordenave, L., et al. (2013). Comparative analyses of stilbenoids in canes of major Vitis vinifera L. cultivars. J. Agric. Food Chem. 61, 11392–11399. doi: 10.1021/jf403716y

 Levadoux, L. (1948). Les cépages à raisin de cuve. Bull. Off. Int. Vin. 203, 39–45.

 Mattivi, F., Guzzon, R., Vrhovsek, U., Stefanini, M., and Velasco, R. (2006). Metabolite profiling of grape: flavonols and anthocyanins. J. Agric. Food Chem. 54, 7692–7702. doi: 10.1021/jf061538c

 Mattivi, F., Vrhovsek, U., Malacarne, G., Masuero, D., Zulini, L., Stefanini, M., et al. (2011). Profiling of resveratrol oligomers, important stress metabolites, accumulating in the leaves of hybrid Vitis vinifera (Merzling × Teroldego) genotypes infected with Plasmopara viticola. J. Agric. Food Chem. 59, 5364–5375. doi: 10.1021/jf200771y

 Maul, E., Sudharma, K. N., Kecke, S., Marx, G., Müller, C., Audeguin, L., et al. (2012). The European Vitis Database (www.eu-vitis.de) – a technical innovation through an online uploading and interactive modification system. Vitis 51:79.

 Monagas, M., Garrido, I., Bartolomé, B., and Gómez-Cordovés, C. (2006). Chemical characterization of commercial dietary ingredients from Vitis vinifera L. Anal. Chim. Acta 563, 401–410. doi: 10.1016/j.aca.2005.10.065

 Moss, R., Mao, Q., Taylor, D., and Saucier, C. (2013). Investigation of monomeric and oligomeric wine stilbenoids in red wines by ultra-high-performance liquid chromatography/electrospray ionization quadrupole time-of-flight mass spectrometry. Rapid Commun. Mass Spectrom. 27, 1815–1827. doi: 10.1002/rcm.6636

 Mulinacci, N., Innocenti, M., Santamaria, A. R., la Marca, G., and Pasqua, G. (2010). High-performance liquid chromatography/electrospray ionization tandem mass spectrometric investigation of stilbenoids in cell cultures of Vitis vinifera L., cv. Malvasia. Rapid Commun. Mass Spectrom. 24, 2065–2073. doi: 10.1002/rcm.4609

 Myles, S., Boyko, A. R., Owens, C. L., Brown, P. J., Grassi, F., Aradhya, M. K., et al. (2011). Genetic structure and domestication history of the grape. Proc. Natl. Acad. Sci. U.S.A. 108, 3530–3535. doi: 10.1073/pnas.1009363108

 Negri, S., Lovato, A., Boscaini, F., Salvetti, E., Torriani, S., Commisso, M., et al. (2017). The induction of noble rot (Botrytis cinerea) infection during postharvest withering changes the metabolome of grapevine berries (Vitis vinifera L., cv. Garganega). Front. Plant Sci. 8:1002. doi: 10.3389/fpls.2017.01002

 Pawlus, A. D., Sahli, R., Bisson, J., Rivière, C. l., Delaunay, J.-C., Richard, T., et al. (2013). Stilbenoid profiles of canes from Vitis and Muscadinia species. J. Agric. Food Chem. 61, 501–511. doi: 10.1021/jf303843z

 Pawlus, A. D., Waffo-Téguo, P., Shaver, J., and Mérillon, J. M. (2012). Stilbenoid chemistry from wine and the genus vitis, a review. J. Int. Sci. Vigne du Vin 46, 57–111. doi: 10.20870/oeno-one.2012.46.2.1512

 Pezet, R., Gindro, K., Viret, O., and Richter, H. (2004). Effects of resveratrol, viniferins and pterostilbene on Plasmopara viticola zoospore mobility and disease development. Vitis 43, 145–148.

 Pezet, R., Perret, C., Jean-Denis, J. B., Tabacchi, R., Gindro, K., and Viret, O. (2003). δ-Viniferin, a resveratrol dehydrodimer: one of the major stilbenes synthesized by stressed grapevine leaves. J. Agric. Food Chem. 51, 5488–5492. doi: 10.1021/jf030227o

 Püssa, T., Floren, J., Kuldkepp, P., and Raal, A. (2006). Survey of grapevine Vitis vinifera stem polyphenols by liquid chromatography-diode array detection-tandem mass spectrometry. J. Agric. Food Chem. 54, 7488–7494. doi: 10.1021/jf061155e

 Rayne, S., Karacabey, E., and Mazza, G. (2008). Grape cane waste as a source of trans-resveratrol and trans-viniferin: high-value phytochemicals with medicinal and anti-phytopathogenic applications. Ind. Crops Prod. 27, 335–340. doi: 10.1016/j.indcrop.2007.11.009

 R Core Team (2015). R: A Language and Environment for Statistical Computing. Vienna. Available online at: https://www.r-project.org/

 Reshef, N., Walbaum, N., Agam, N., and Fait, A. (2017). Sunlight modulates fruit metabolic profile and shapes the spatial pattern of compound accumulation within the grape cluster. Front. Plant Sci. 8:70. doi: 10.3389/fpls.2017.00070

 Rivière, C., Pawlus, A. D., and Mérillon, J. M. (2012). Natural stilbenoids: distribution in the plant kingdom and chemotaxonomic interest in Vitaceae. Nat. Prod. Rep. 29, 1317–1333. doi: 10.1039/c2np20049j

 Roullier-Gall, C., Witting, M., Gougeon, R. D., and Schmitt-Kopplin, P. (2014). High precision mass measurements for wine metabolomics. Front. Chem. 2:102. doi: 10.3389/fchem.2014.00102

 Schnee, S., Queiroz, E. F., Voinesco, F., Marcourt, L., Dubuis, P.-H., Wolfender, J.-L., et al. (2013). Vitis vinifera canes, a new source of antifungal compounds against Plasmopara viticola, Erysiphe necator, and Botrytis cinerea. J. Agric. Food Chem. 61, 5459–5467. doi: 10.1021/jf4010252

 Schnee, S., Viret, O., and Gindro, K. (2008). Role of stilbenes in the resistance of grapevine to powdery mildew. Physiol. Mol. Plant Pathol. 72, 128–133. doi: 10.1016/j.pmpp.2008.07.002

 Semmar, N., Jay, M., Farman, M., and Roux, M. (2008). A new approach to plant diversity assessment combining HPLC data, simplex mixture design and discriminant analysis. Environ. Model. Assess. 13, 17–33. doi: 10.1007/s10666-006-9082-2

 Sfec, K. M., Regner, F., Turetschek, E., Glössl, J., and Steinkellner, H. (1999). Identification of microsatellite sequences in Vitis riparia and their applicability for genotyping of different Vitis species. Genome 42, 367–373. doi: 10.1139/g98-168

 Shen, T., Wang, X. N., and Lou, H. X. (2009). Natural stilbenes: an overview. Nat. Prod. Rep. 26, 916–935. doi: 10.1039/b905960a

 Smoliga, J. M., Baur, J. A., and Hausenblas, H. A. (2011). Resveratrol and health–a comprehensive review of human clinical trials. Mol. Nutr. Food Res. 55, 1129–1141. doi: 10.1002/mnfr.201100143

 Son, H.-S., Hwang, G.-S., Kim, K. M., Ahn, H.-J., Park, W.-M., Van Den Berg, F., et al. (2009). Metabolomic studies on geographical grapes and their wines using 1H NMR analysis coupled with multivariate statistics. J. Agric. Food Chem. 57, 1481–1490. doi: 10.1021/jf803388w

 Son, H.-S., Lim, K.-S., Chung, H.-J., Yang, S.-J., and Hong, Y.-S. (2014). Metabolic phenotyping of berries in different six grape (Vitis vinifera) cultivars. J. Korean Soc. Appl. Biol. Chem. 57, 491–502. doi: 10.1007/s13765-014-4166-1

 Souquet, J. M., Labarbe, B., Le Guernevé, C., Cheynier, V., and Moutounet, M. (2000). Phenolic composition of grape stems. J. Agric. Food Chem. 48, 1076–1080. doi: 10.1021/jf991171u

 Steuer, R. (2006). Review: on the analysis and interpretation of correlations in metabolomic data. Brief. Bioinform. 7, 151–158. doi: 10.1093/bib/bbl009

 Steuer, R., Kurths, J., Fiehn, O., and Weckwerth, W. (2003). Observing and interpreting correlations in metabolomic networks. Bioinformatics 19, 1019–1026. doi: 10.1093/bioinformatics/btg120

 Sun, J., Liang, F., Bin, Y., Li, P., and Duan, C. (2007). Screening non-colored phenolics in red wines using liquid chromatography/ultraviolet and mass spectrometry/mass spectrometry libraries. Molecules 12, 679–693. doi: 10.3390/12030679

 Suzuki, M., Nakabayashi, R., Ogata, Y., Sakurai, N., Tokimatsu, T., Goto, S., et al. (2015). Multiomics in grape berry skin revealed specific induction of the stilbene synthetic pathway by ultraviolet-C irradiation. Plant Physiol. 168, 47–59. doi: 10.1104/pp.114.254375

 Toubiana, D., Fernie, A. R., Nikoloski, Z., and Fait, A. (2013). Network analysis: tackling complex data to study plant metabolism. Trends Biotechnol. 31, 29–36. doi: 10.1016/j.tibtech.2012.10.011

 Vaclavik, L., Lacina, O., Hajslova, J., and Zweigenbaum, J. (2011). The use of high performance liquid chromatography–quadrupole time-of-flight mass spectrometry coupled to advanced data mining and chemometric tools for discrimination and classification of red wines according to their variety. Anal. Chim. Acta 685, 45–51. doi: 10.1016/j.aca.2010.11.018

 Vogt, T. (2010). Phenylpropanoid biosynthesis. Mol. Plant 3, 2–20. doi: 10.1093/mp/ssp106

 Wang, L., Sun, X., Weiszmann, J., and Weckwerth, W. (2017). System-level and granger network analysis of integrated proteomic and metabolomic dynamics identifies key points of grape berry development at the interface of primary and secondary metabolism. Front. Plant Sci. 8:1066. doi: 10.3389/fpls.2017.01066

 Weng, C.-J., and Yen, G.-C. (2012). Chemopreventive effects of dietary phytochemicals against cancer invasion and metastasis: phenolic acids, monophenol, polyphenol, and their derivatives. Cancer Treat. Rev. 38, 76–87. doi: 10.1016/j.ctrv.2011.03.001

 Yin, X., Singer, S. D., Qiao, H., Liu, Y., Jiao, C., Wang, H., et al. (2016). Insights into the mechanisms underlying ultraviolet-C induced resveratrol metabolism in grapevine (V. amurensis Rupr.) cv. “Tonghua-3”. Front. Plant Sci. 7:503. doi: 10.3389/fpls.2016.00503

 Zamboni, A., Di Carli, M., Guzzo, F., Stocchero, M., Zenoni, S., Ferrarini, A., et al. (2010). Identification of putative stage-specific grapevine berry biomarkers and omics data integration into networks. Plant Physiol. 154, 1439–1459. doi: 10.1104/pp.110.160275

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Billet, Houillé, Dugé de Bernonville, Besseau, Oudin, Courdavault, Delanoue, Guérin, Clastre, Giglioli-Guivarc'h and Lanoue. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/inline_3.gif





OPS/images/inline_2.gif





OPS/images/inline_4.gif





OPS/images/inline_1.gif





OPS/images/fpls-09-00798-t002.jpg
Peak

® N ® O s

a1

a2

RT, retention time, “tentative assignments based on MS data, UV spectra, elution order available from literature.

RT

(min)

169
965

917

538
673
412
843
848

9.09
1022

1339

1373

14.81
15.36

893
10.84

1239

7.47

832

842

875

476
5.13
6.18
7.02
7.42
10.62

1471
1234

1291

1333

14.06
1531

563

14.45

1247

1256

13.06

1356

16.08

162

12.15

Phenolic class

Phenolic acid
Stiibenoid DP1

Stiibenoid DP1

Flavonoid
Flavonoid
Flavonoid
Stiibenoid DP1
Flavonoid

Flavonoid
Stiibenoid DP2

Stiibenoid DP2

Stiibenoid DP2

Stiibenoid DP2
Stiibenoid DP2

Stiibenoid DP2
Stiibenoid DP2

Stiibenoid DP2

Stiibenoid DP2

Stiibenoid DP2

Stiibenoid DP2

Flavonoid
Procyanidin
Procyanidin
Procyanidin
Procyanidin
Procyanidin
Stibenoid DP2

Stiibenoid DP3
Stiibenoid DP3

Stiibenoid DP3

Stiibenoid DP3

Stibenoid DP3
Stibenoid DP3

Procyanidin

Stiibenoid DP4

Stiibenoid DP4

Stiibenoid DP4

Stilbenoid DP4

Stiibenoid DP4

Stiibenoid DP4

Stiibenoid DP4

Stiibenoid DP4

Compound
assignment

Gallic acid
E-resveratrol

E-piceatannol

Gatechin
Epicatechin
Gallocatechin
E-piocid
Epicatechin
3.0-gallate"
Astilbin
Z-resveratrol
dimer1*
Z-resveratrol
dimer2”
E-ewiniferin

E-w-viniferin®

E--viniferin”

Ampelopsin A
Scirpusin A1*

Soirpusin A2*

Restrytisol A"

Restrytisol B°

Restrytisol 3

O-glucuronide
Procyanidin B1
Procyanidin B3*
Procyanidin B4*
Procyanidin B2
Procyanidin BS*
Resveratrol dimer
glycoside®
aviniferin®

Resveratrol
trimert®

Resveratrol
trimer2*

Resveratrol
trimer3*

E-miyabenol G
Resveratrol
timerd*
Procyanidin trimer*

Dehydrogenated
resveratrol
tetramer *

Hopeaphenol
Isohopeaphenol

Resveratrol
tetramer1”

Resveratrol
tetramer2"

Resveratrol
tetramer3”

Exvitisin B

Viniferol E*

m/z [M-H]-

169
227

243

289
289
305
389
a41

a49
453

453

453

453

469
469

469

an

an

an

a7

577
577
577
577
577
615

677
679

679

679

679
679

865

904

905

905

905

905

905

905

923

Product ions
(€S9

163, 125
183, 143
185,159
261,205
211,162
109

227
289, 169

303, 285
277,265

a28

411,369

369,263
227

451,316
451,305

379,301

455,877,248

455,379, 349

455, 389, 227

301, 151
295, 162

295, 162
514

522,471
567,537, 453

423

383

573,345
653, 454

664,576

679

811,717,
705, 451, 359

811,717,
451,359

573

799, 359

[M+H}+

229

245

291
291
307

a43

455

455

455

455
455

an
an

an

a79
579
579
579

579
579

679
681

681
681

867

907

907

907

907

907

907

Amax (nm)

269
305,817

322

229,278

229,278

332,369
2787
2767

231,289.7
232sh, 279, 285

225,282.7

225sh, 323

225sh, 323
225sh, 309

2817
3247

3217

230,276

235, 267

234,330

256,354

280,313
280,313

328

230sh, 285

284
230sh, 322

279

2816

2839

285

284,331

323

322

References

Sun et al., 2007
Pawlus et al,, 2012;
Lambert et al., 2013

Pawlus et al,, 2012;
Lambert et al,, 2013

Lambert et al,, 2013
Lambert et al,, 2013
Enrhardt et al., 2014
Ehrhardt et al., 2014
Enrhardt et al., 2014

Souquet et al., 2000
Piissaetal., 2006

Piissa et al., 2006

Pawlus et al,, 2012;
Lambert ot al,, 2013

Piissa et al., 2006

Pezet et al., 2003; Mulinacci
etal, 2010

Lambert et al,, 2013

Kong et al., 2010; Moss
otal, 2013

Kong et al., 2010; Moss
etal, 2013

Cichewicz et al. 2000;
Jean-Denis et al., 2006;
Mulinacci et al., 2010

Cichewicz et al., 2000;
Jean-Dens et al., 2006;
Mulinacci et al., 2010

Cichewiicz et al., 2000;
Jean-Dens et al., 2006;
Mulinacci et al., 2010

Souquet et al., 2000;
Ehrhardt et al., 2014

Enhrhardt et al., 2014
Enrhardt et al., 2014
Ehrhardt et al., 2014
Ehrhardt et al., 2014
Ehrhardt et al., 2014
Moss etal., 2013

Mattivi et al., 2011

Piissa et al., 2006; Moss
etal, 2013
Piissa et al., 2006; Moss
etal, 2013

Piissa et al., 2006; Moss
etal, 2013

Lambert et al., 2013

Piissa et al., 2006; Moss.
etal, 2013

Monagas et al., 2006
Ito et al,, 1999

Lambert et al., 2013

Lambert et al., 2013

Piissa et al., 2006; Flamini
etal, 2013

Pissa et al., 2006; Flamini
etal, 2013

Piissa et al., 2006; Flamini
etal, 2013

Pavius et al., 2012;
Lambert et al., 2013

Fujii ot al. (2005)





OPS/images/cover.jpg
’ frontiers
in Plant Science

Field-Based Metabolomics of Vitis
vinifera L. Stems Provides New
Insights for Genotype Discrimination
and Polyphenol Metabolism
Structuring









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Plant Science





OPS/images/fpls-09-00798-g005.gif
Ne

)
1]

il

)
gl

J

b






OPS/images/fpls-09-00798-g006.gif





OPS/images/fpls-09-00798-g003.gif





OPS/images/fpls-09-00798-g004.gif





OPS/images/fpls-09-00798-t001.jpg
Cultivar

Sauvignon
Chenin
Chardonnay
Pinot noir
Grolleau
Gamay
Malbec

Cabernet Franc

Clone

ol 241

ol 15

o75

<l 668

<l 365

ol 428

1716

1623

Rootstock

101-14

Riparia

101-14

3309

Riparia

101-14

Age (year 2013)

39

39
39

39

Space
‘within row

1m
1m
1m
1m
1m
1m
1m

1m

Space
between rows

1m

1m

1m

1m

1m

1m

1m

1m

Soil

Calcareous clay
Calcareous clay
Calcareous clay
Calcareous clay
Calcareous clay
Calcareous clay
Calcareous clay

Calcareous clay

Surface (ha)

028
162
129
136
007
177
184

163

[
coordinates

47°23'47.16°N
0°58'31.59'E
47°23'44.49'N
0°58/44.20"E
47°2346.80"N
0°58/44.95"E
47°23'45.90"N
0°58'37.81"E
47°23'48.76"N
0°58/35.87"E
47°28'40.95"N
0°58'32.30"E
47°28'46.24"N
0°58/30.49"E
47°28/'37.26"N
0°58/35.65"E





OPS/images/fpls-09-00798-g007.gif
bl






OPS/images/fpls-09-00798-g008.gif





OPS/images/fpls-09-00798-g001.gif





OPS/images/fpls-09-00798-g002.gif





