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Abstract

Introduction To date, most studies of natural variation and metabolite quantitative trait loci (mQTL) in tomato have focused
on fruit metabolism, leaving aside the identification of genomic regions involved in the regulation of leaf metabolism.
Objective This study was conducted to identify leaf mQTL in tomato and to assess the association of leaf metabolites and
physiological traits with the metabolite levels from other tissues.

Methods The analysis of components of leaf metabolism was performed by phenotypying 76 tomato ILs with chromosome
segments of the wild species Solanum pennellii in the genetic background of a cultivated tomato (S. lycopersicum) variety
MS8?2. The plants were cultivated in two different environments in independent years and samples were harvested from mature
leaves of non-flowering plants at the middle of the light period. The non-targeted metabolite profiling was obtained by gas
chromatography time-of-flight mass spectrometry (GC-TOF-MS). With the data set obtained in this study and already pub-
lished metabolomics data from seed and fruit, we performed QTL mapping, heritability and correlation analyses.

Results Changes in metabolite contents were evident in the ILs that are potentially important with respect to stress responses
and plant physiology. By analyzing the obtained data, we identified 42 positive and 76 negative mQTL involved in carbon
and nitrogen metabolism.

Conclusions Overall, these findings allowed the identification of S. lycopersicum genome regions involved in the regulation
of leaf primary carbon and nitrogen metabolism, as well as the association of leaf metabolites with metabolites from seeds
and fruits.
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1 Introduction

Integrated approaches combining genomics, transcriptom-
ics, proteomics, metabolomics and bioinformatics have been
pivotal for metabolic network reconstruction and complex
trait mapping (Saito and Matsuda 2010; Tohge et al. 2015).

Adriano Nunes-Nesi and Saleh Alseekh have contributed equally

to this work Moreover, several studies suggest that metabolite levels are
heritable and might be controlled by multiple genes (Schauer
Electronic supplementary material The online version of this et al. 2008; Chan et al. 2010; Alseekh et al. 2015; Wen et al.

article (https://doi.org/10.1007/s11306-019-1503-8) contains

> S . 2015) and can therefore be considered as quantitative traits
supplementary material, which is available to authorized users.

regulated by metabolite quantitative trait loci (mQTL). Some

D4 Adriano Nunes-Nesi groups have reported genome wide association studies in
nunesnesi@ufv.br tomato fruits (Sauvage et al. 2014; Tieman et al. 2017) or on
Extended author information available on the last page of the article leaf metabolism for a range of wild species (Schauer et al.
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2005b; Matsuba et al. 2013; Ning et al. 2015; Lopez et al.
2015). To date, most mQTL research has been carried out by
investigating introgression lines (ILs) or recombinant inbred
lines (Schauer et al. 2006, 2008; Zanor et al. 2009; Do et al.
2010).

In tomato, researchers have extensively used a popula-
tion of ILs of the wild species S. pennellii in the genetic
background of the cultivated variety M82 of S. lycopersicum
(Eshed and Zamir 1995). In this population, marker-defined
genomic regions of S. lycopersicum were replaced by single
homologous intervals of the S. pennellii comprising a core
set of 76 lines. This population has been extensively pheno-
typed and allowed the identification of multiple QTL related
to different traits. For example, some of the identified QTL
were linked to fruit primary metabolite composition (Causse
et al. 2004; Baxter et al. 2005; Schauer et al. 2006), fruit
color (Liu et al. 2003) and enzymatic activity (Steinhauser
etal. 2011). Others were associated with volatile metabolites
and antioxidants (Baxter et al. 2005; Tieman et al. 2006;
Quadrana et al. 2014), organ morphology (Holtan and Hake
2003; Chitwood et al. 2013a; Ron et al. 2013), tolerance to
abiotic and biotic stress (Lippman et al. 2007). Other QTL
of ILs were associated to leaf water-use efficiency (Xu et al.
2008) stomatal responsiveness, and stomatal-related anatom-
ical traits (Fanourakis et al. 2015), seed composition (Toubi-
ana et al. 2012, 2015) and secondary metabolite abundance
(Alseekh et al. 2015; Schilmiller et al. 2015).

Recently we used the S. pennellii ILs to characterize
photosynthetic and respiratory parameters, including CO,
assimilation rate, stomatal conductance, chlorophyll a fluo-
rescence parameters, growth traits and the main leaf primary
metabolites (de Oliveira Silva et al. 2018). The findings of
that study revealed a wide natural variation in plant growth,
photosynthetic and essential metabolites (related to carbon
and nitrogen metabolism) among tomato ILs. In total, over
3069 QTL have been identified in this population to date
(reviewed in Alseekh et al. 2013) and a handful of these
QTL have been cloned (Pnueli et al. 1998; Ronen et al.
2000; Fridman et al. 2004; Quadrana et al. 2014). The recent
genome sequencing of the parental lines of this population
(Bolger et al. 2014) should facilitate this labour-intensive
process.

The combination of mQTL analysis with genomic tech-
nologies (Ingvarsson and Street 2011) allows researchers
to provide lists of candidate regulatory genes of the meta-
bolic variations as well as of their effects on physiological
parameters and interactions (Keurentjes et al. 2006). This
approach, therefore, could widen the understanding of the
genetic regulatory networks that might influence plant per-
formance and yield (Jansen et al. 2009; Hall et al. 2010).

In the present study, we analyzed the metabolite contents
of mature leaves from non-flowering tomato plants harvested
at the middle of light period. The analysis was performed in
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two consecutive harvests of the S. pennellii ILs. We contrast
the results herein obtained to those previously reported for
fruit and seed metabolites in the same population and with
our recent analysis on the physiological properties of photo-
synthesis and respiration, also within this same population.

2 Materials and methods
2.1 Plant materials and experimental conditions

Seeds from 76 S. pennellii ILs (Eshed and Zamir 1995; Liu
and Zamir 1999) and S. lycopersicum M82, kindly provided
by Professor Dr. Dani Zamir (Hebrew University, Rehovot,
Israel), were used in this study. In this IL population, unique
overlapping genomic regions between introgressions delimi-
tate shorter intervals than the ones defined by the ILs, named
“Bins” (Chitwood et al. 2013a, b). In total, 112 Bins have
been defined by the complete set of ILs and most of the Bins
harbor fewer than 500 annotated genes, with an average of
295 genes in each region (Chitwood et al. 2013a, b).

The seeds were germinated on MS medium (Murashige
and Skoog 1962) containing 2% (w/v) sucrose and were
grown in a growth chamber (250 pmol photons m™2 s~}
22 °C) under a photoperiod of 16 h-light/8 h dark before
transfer into the greenhouse. Once rooted, plantlets were
acclimatized and subsequently transferred to 1.16 L pots
with potting soil as previously described (Mirnezhad et al.
2010). High variability for metabolite data is generally
observed because of changes in environmental conditions
(Schauer et al. 2006, 2008; Harrigan et al. 2007; de Oliveira
Silva et al. 2018). For this reason, to access the contribu-
tion of environment, we repeated the experiment and analy-
sis in two independent experiments, in two locations and
selected the ILs with conserved changes (de Oliveira Silva
et al. 2017). In the first year of experiment, four plants for
each line were grown in a randomized fashion in a glass
house at the Plant Ecology Department, Institute of Biol-
ogy, Leiden University, Leiden, Netherlands. In the second
year, four replicates for each line were also grown in a ran-
domized fashion in a glass house at the Instituto de Bio-
tecnologia, Instituto Nacional de Tecnologia Agropecuaria
(IB-INTA), in Castelar, Argentina. In both experiments, the
plants were grown in the spring season under greenhouse
conditions with a 16 h/8 h photoperiod, at 24 +5 °C, with
60% humidity and 140 +40 umol photons m~2 s~! incident
photo-irradiance. Tomato source leaves were sampled from
the second or third leaflets of the third fully expanded leaf
of 4 week-old non-flowering plants.
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2.2 Determination of metabolite levels

Leaf samples were harvested at the middle of the light
period, immediately frozen in liquid nitrogen and stored at
— 80 °C until further analysis, as recommended by Fernie
et al. (2011). Relative metabolite contents were determined
using an established gas chromatography time-of-flight
mass spectrometry (GC-TOF-MS)-based protocol. This
protocol allows the quantification of sugars, sugar alco-
hols, organic and amino acids from the methanol extracts
(Roessner-Tunali et al. 2003; Lisec et al. 2006). Chromato-
grams and mass spectra were evaluated by Chroma TOF®
4.2 (Leco, St Joseph, MI) and TagFinder 4.0 (Luedemann
et al. 2012). Analytes were manually identified using Tag-
Finder by comparing the results with the reference library
mass spectra and retention indices in the Golm Metabo-
lome Database (Kopka et al. 2005). These procedures have
been previously optimized for tomato (Roessner-Tunali
et al. 2003). Mass-spectral libraries (Schauer et al. 2005a;
Kopka et al. 2005) were used for peak identification. The
use of these libraries allowed us to detect up to 78 metabo-
lites (Supplementary Table 1), a slightly larger number
of metabolites than in our previous study (Schauer and
Fernie 2006).

2.3 Heat maps

Heat maps were generated by using the heatmap function
of the statistical software environment R, version 1.9. False
color imaging was performed on the log2-transformed
metabolite data using x-fold changes to cultivated variety
M82.

2.4 QTL mapping and heritability

This procedure was carried out as previously described
(Schauer et al. 2008). The broad-sense heritability
(H?) was estimated by mixed effect models, with ran-
dom effects for genotype (number of ILs), environment
(years 2001 and 2004) and genotype-environment inter-
action. We used the lmer function from the lme4 pack-
age in the R environment. The genetic variation coef-
ficientCvg(%) = (100\/0'_2 )/mc and coefficient of
environment variation — Cve(%) = (100\/_ )/mc where,
ag M and o 2 e - and me correspond to repeti-
tions number and average "of each metabolite, respectively
were obtained for each of the analyzed metabolite with the
Genes program (Cruz 2013).

For QTL mapping, each IL was compared by ¢-test
with M82 for each harvest. If an IL was significantly dif-
ferent from the reference genotype M82 (5% level) in both

experiments and in the same direction, the effect was con-
sidered as harboring a QTL.

2.5 Network analysis
2.5.1 Pre-processing metabolite data

The metabolite data sets were preprocessed following dif-
ferent steps. First, (i) the lines have been filtered out for
which none of the metabolites were detectable. Also (ii) if
the concentration of a specific metabolite was unavailable
for more than half of the lines, the metabolite was filtered
out. Finally, (iii) the rest of the missing values were imputed
using random forest imputation (from randomForest pack-
age in R (Liaw and Wiener 2002)). To be robust with the
estimation of missing values, we repeated the imputation 10
times and used the average values to impute the NA values.

2.5.2 Metabolite relevance network

The metabolite relevance networks were separately inferred
for each tissue (leaf, seed and fruit) in each and between
the two seasons. To infer the networks, we applied pairwise
Pearson correlation with the coefficients at a significance
level of 0.01 (FDR corrected) to appear as a link in the net-
work. The list of links for each network is presented in Sup-
plementary Table 2.

2.5.3 Morphological trait-metabolite association network

The same preprocessing procedure as for metabolites data
was applied on phenotypic trait data. The missing values
were imputed similarly. The relationships between all
measured metabolites in leaf and the phenotypic traits were
obtained by employing elastic net regression (cv.enet from
elasticnet package in R (Zou and Hastie 2012). The profiles
of the same metabolites from leaf in both seasons were con-
catenated and considered as predictors (regressors). Regres-
sion models were fitted for each phenotypic trait by com-
bining the corresponding profiles from both seasons. The
regression coefficients were robustly estimated by 10-fold
cross validation based on the optimum value for the penalty
parameter from the set (0.01, 0.05, 0.1, 0.5, 1, 1.5, 2, 10,
100). The r-squared, which measures how well the data fitted
to the regression model, was calculated for each model and
represented in the network with the size of the correspond-
ing node (the bigger the size of the node, the better fitted the
model to the data). The list of the links in the morphological
trait-metabolite association network is represented in Sup-
plementary Table 3.
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3 Results
3.1 Evaluation of leaf mQTL in the S. pennellii ILs

To assess the natural variation in leaf primary metabo-
lism, we employed an established GC-TOF-MS based
metabolite profiling platform (Lisec et al. 2006) to the S.
pennellii ILs (Eshed and Zamir 1995). Although this strat-
egy has already been applied to field grown fruit material
(Schauer et al. 2006) and seeds derived thereof (Toubiana
et al. 2012), it has not yet been applied to leaf material.
This was in part because leaves of field grown plants were
considered too heterogeneous to provide reliable material.
This is the reason why we decided to evaluate greenhouse
grown material here.

In total, we identified 45 and 78 metabolites in Experi-
ments 1 and 2, respectively. The complete datasets are pro-
vided in Supplementary Tables 4 and 5. The two data sets
evidenced a large variability between the 2 experiments for
all analysed metabolite classes (Supplementary Table 6).
Surprisingly, the total number of significant changes was
substantially higher in Experiment 1 than in Experiment
2 (995 and 338 respectively). By counting the number of
the ILs that exhibited the same alteration in both experi-
ments, we verified that the highest percentage of ILs with
stable changes in amino acids levels occurred for threonine,
asparagine and glutamate (10.8, 9.8 and 8.6%, respectively).
The highest percentage of ILs with conserved changes for
organic acids was for 2-oxoglutarate and succinate (17.0 and
13.5% respectively), whereas for sugars was for glucose and
maltose (9.4 and 4.8%, respectively). Regarding the changes
in the content of metabolites from other classes, phosphoric
acid, 3-caffeoyl-quinic acid (cis), glycerol and trehalose
were the compounds with most conserved changes between
the two locations (20.7, 15.4, 13.6 and 10.2% respectively).
These results indicate a strong environmental component,
probably due to substrate composition and other seasonal
related effects, for the analysed metabolites in leaves and
suggest that most changes in metabolite levels were adaptive
and not constitutive.

To test how genetic variation may influence metabolite
variation in this IL population, we estimated the genotypic
coefficient of variation (Cvg) per metabolite (Supplemen-
tary table 7). The average Cvg of all metabolite traits in
both experiments was 77.6 and 73.2% in Experiment 1and 2,
respectively. By corollary, the coefficients of environmental
variation (Cve) for Experiment 1 and 2 were therefore 22.4
and 26.8% for Experiments 1 and 2, respectively. Thus, even
though we attempted to keep non-experimental variables
constant, environmental differences were apparent. These
environmental variables, however, were considerably less
variable quantitatively than the genotype-derived variance.
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We next assessed the heritability (H?) of each metabo-
lite trait (Fig. 1). The measured traits exhibited mean H?
between 0.13 and 0.75 — corresponding to amino acids pro-
line and tyrosine, respectively. Of the measured sugars, an
unknown-sugar and rhamnose displayed moderate to high
H? values of 0.51 and 0.58, respectively. The metabolites
2-oxoglutarate (0.67) and asparagine (0.64) showed high H?
values, whereas malate, fumarate and succinate displayed
moderate H? with values of 0.51, 0.49 and 0.49, respectively.
Taken together, these analyses suggest that the genetic vari-
ation is a major component controlling the metabolites from
tomato leaves and that leaf metabolite abundances are mod-
erately heritable in this species.
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Fig. 1 Broad sense heritability of leaf metabolite traits of population
of introgression lines of Solanum pennellii into a genetic background
of Solanum lycopersicum (M82)
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3.2 ldentification of mQTL

Using GC-TOF-MS, we were able to quantify 42 and 76
metabolites, including a minimum of 15 amino acids, 10
sugars, seven organic acids and 13 miscellaneous com-
pounds, in the leaves of S. pennellii ILs from two successive
experiments. The full data sets are presented in an overlay
heat map from samples harvested in the Experiment 1 and 2
(Fig. 2). The data sets were superimposed on one another in
an additive manner. In this way, consistently large increases,
with respect to the S. lycopersicum content, are displayed in
a deep red color, whereas consistently large decreases are
shown in a deep blue color. Finally, those that increase in
one year and decrease in the other are displayed in a purple
color (for details see Supplemental Figs. 1 and 2 and Sup-
plemental Tables 3 and 4).

The relative differences in the content of any given
metabolite range between 0 (below the levels of detection)
and a 332-fold increase compared with the recurrent parental
cultivar M82. The evaluation of the entire data set indicated
that the amino acids glycine and proline exhibited the great-
est differences followed by fumarate and trans-caffeic acid,
whereas threonine, asparagine and saccharic acid exhibited
the lowest levels in comparison to the parental cultivar M82.

3.3 Genome location of the identified mQTL

We next used the data for mapping mQTL using ANOVA
tests at a significance threshold of 0.05 to statistically com-
pare each IL with the control M82. Only a subset of the ILs
displayed significant differences in metabolite content from
the control M82 in both years of experiments. The follow-
ing analyses were focused on these mQTL. By using this
criterion, we identified 118 mQTLs that were conserved in
both experiments (Fig. 3; Supplemental Fig. 3). We then cal-
culated the total number of genes within each identified QTL
as previously described (Chitwood et al. 2013a, b) (Supple-
mentary table 8) and found that the identified mQTL ranged
from 98 to 2185 genes.

The evaluation of these data, regarding compound
classes, indicated that 32 mQTL were for amino acids, 23 for
sugars 27 for organic acids and 35 for other metabolites. In
addition, the evaluation of the distribution of mQTL across
the genome (Fig. 3) indicated that the conserved mQTL are
unevenly distributed across the tomato genome, with fewer
mQTL on chromosome 1 and 6 (2 mQTL for each chromo-
some). The highest number of mQTL were on chromosome
8 (23 mQTL) as well as on chromosome 2 and 9 (13 mQTL
each).

Although most of leaf mQTL reported here were
unknown, some mQTL have been identified previously for
tomato fruits (Schauer et al. 2006, 2008) or seeds (Toubiana
et al. 2012, 2015) (Supplementary Table 9). For example,

the IL2-5 and IL4-3 exhibited lower levels of threonine in
leaves, fruits and seeds, whereas the 1L5-2 and IL12-3 had
lowered content of GABA in leaves and exhibited higher
contents of the same metabolite in fruits. Interestingly, 19
ILs displayed lower levels of phosphate in leaves, although 5
of these ILs had higher phosphate content in seeds or fruits.

3.4 Morphological trait-metabolite association
network

Here we used the morphological traits measured on the
leaves of the ILs of our recent work (de Oliveira Silva et al.
2018) to conduct leaf morphological trait-metabolite asso-
ciations. The regression models have been fitted for each
phenotypic trait by combining the corresponding profiles
from both seasons (see materials and methods for detail).
Figure 4 shows the network associations analysis between
the 27 physiological/morphological traits (de Oliveira Silva
et al. 2018) and metabolite measured by GC-TOF-MS in this
study. The links in the morphological trait-metabolite asso-
ciation network are presented in the Supplementary table 3.

The results revealed a strong correlation between intercel-
lular CO, (C,), electron transport rate (ETR), chlorophylls
and dark respiration (R,) and several metabolites (Fig. 4).
Among those, the sugars sucrose, psicose-like sugar, fruc-
tose and myo-inositol are the metabolites most linked to C;.
A similar trend is evident between the ETR and metabolites
glucose, GABA and myo-inositol.

We next assessed the correlation between the metabo-
lite levels in leaves (this study), fruit (Schauer et al. 2006)
and seed (Toubiana et al. 2012) (Fig. 5; Supplementary
Table 2). Interestingly, the most highly correlated parameters
are those within the same tissue i.e. leaf-leaf, fruit—fruit
and seed—seed parameters. However, there was relatively
little correlation between the actual levels of metabolites
between tissues. For examples, galactinol and 2-oxoglutar-
ate are the most highly correlated between leaf and fruit
(0.82-0.98, p <0.05) such as amino acids (e.g tyrosine,
alanine, homoserine, asparagine, isoleucine, valine, serine,
methionine, threonine), organic acid; fumarate and glycer-
ate, and others like calysteg A3 and squalene, also the 2-oxo-
glutarate showed the highest number of correlation between
the leaf and seeds data mainly with B-alanine, asparagine,
GABA, arginine, lysine and galacturonate.

4 Discussion and conclusion

Great effort has gone into characterizing the tomato fruit
metabolome, with a focus on spatio-temporal changes
in metabolism (Carrari et al. 2006; Mounet et al. 2009;
Osorio et al. 2002) as well as on primary and second-
ary metabolism following both classical quantitative
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Fig.2 Overlay heat map of the metabolite profiles of two independ-
ent studies of the leaf metabolite content of the ILs compared with
the parental M82. Data represent measurements of leaf material har-
vested from two independent experiments presented as a heat map.
Large sections of the map are white or pale in color and reflect that
many of the chromosomal segment substitutions do not have an effect
on the amount of every metabolite. Regions of red or blue indicate
increased or decreased metabolite content, respectively, after intro-

trait loci approaches (Schauer et al. 2006; Tieman et al.
2006; Do et al. 2010; Alseekh et al. 2015; Ballester et al.
2016; Garbowicz et al. 2018). More recently, some groups
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gression of Solanum pennellii segments. Very dark coloring indicates
that a large change in metabolite content was conserved across both
harvests, whereas purple indicates an inconsistent change in that IL
relative to M82. For each harvest, GC-TOF-MS was used to quantify
primary metabolites, including amino acids, organic acids, sugars and
other metabolites. The ILs are presented in chromosomal order from
top of chromosome 1 to base of chromosome 12 from top to bottom.
A total of 76 ILs and 42 metabolites overlapped in both experiments

have reported genome wide association studies (Sauvage
et al. 2014; Tieman et al. 2017; Ye et al. 2017) and oth-
ers have assessed the effects of domestication and crop
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improvement on the metabolome. For instance, the selec-
tion for alleles of genes associated with larger fruits
altered metabolite profiles as a consequence of linkage
with nearby genes. In addition, the selection of 5 major
loci reduced the accumulation of anti-nutritional steroidal
glycoalkaloids in ripened fruits, thus rendering the fruit
more edible. On the other hand, breeding for pink toma-
toes modified the content of over 100 metabolites. That
said, with the exception of exquisite work carried out dis-
secting acyl sugar metabolism in trichromes (specialized
secretory cell types found in leaves; see for example (Fan
et al. 2017)), relatively little work has been performed on
the characterization of leaf metabolism of the S. lycoper-
sicum complex (Schauer et al. 2005b; de Oliveira Silva
etal. 2018).

With this in mind, we used GC-TOF-MS to evaluate the
levels of primary metabolites in the well-studied S. pennellii
ILs (Eshed and Zamir 1995; Alseekh et al. 2013) grown in
two independent greenhouse trials.
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Despite the relative high broad sense heritability of most
metabolites, with most values being of similar magnitude
to those published previously for fruits (Schauer et al.
2006), far fewer QTL were identified for the leaves (117)
than for the fruit (889). Intriguingly, this occurs even when
the maximal variance in compound abundance is far greater
for leaf samples described here than for either the fruit or
seeds (Toubiana et al. 2012) of this population. There are
several possible explanations for the reduced identification
of QTL. Leaf metabolite content may be more influenced
by the environment because it is more closely related to
photosynthesis than the fruit, which largely relies on leaf
assimilate supply, even though it can, at least during early
stages of fruit development, produce its own photoassimilate
(Lytovchenko et al. 2011). Another possible explanation is
that when we analyzed gene expression datasets (Chitwood
et al. 2013b), they were far considerably less changed in
the leaves — a fact that is true both of all genes and only
those genes associated with metabolism (Supplementary
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Fig.5 Leaf-fruit-seed
metabolite relevance network.
Metabolite relevance networks
have been inferred for each
tissue. Green, red and blue
edges correspond to the tissue

Leaf

Fruit

specific relationships between
metabolites in leaf, fruit,

and seed, respectively. Black
edges indicate the relationship
between metabolites from dif-
ferent tissues

Fig. 4). Whatever the explanation, the lower QTL number
in leaves indicates that leaf metabolite levels are likely under
far greater environmental, and probably also genetic, influ-
ence than those of the fruit or seed. The degree of canaliza-
tion of metabolism may be far lower than that we recently
reported in the fruit (Alseekh et al. 2017). Further harvests
will need to be evaluated before we can formally test this
hypothesis. However, the high influence of environment on
the metabolome notwithstanding, a number of interesting
novel QTL were detected here. At the genome level, the 118
QTL were largely well-spread across the genome with the
individual lines containing between 0 and 6 QTL. However,
chromosome 2, 8 and 9 could be regarded as metabolite QTL
hotspots similar to those previously reported in the genomes
of Arabidopsis, rice and maize (Lisec et al. 2009; Wen
et al. 2015; Li et al. 2016). Interestingly, a previous survey
of the S. lycopersicum complex revealed that the parental
lines of the ILs displayed highly divergent primary metab-
olite abundances. In that survey, the amino acids alanine,
B-alanine, glutamine, glutamate, glycine, proline and serine
were considerably higher in S. pennellii, whereas GABA and
the branched chain amino acids were considerably higher in
S. lycopersicum (Schauer et al. 2005b). On the other hand,
the organic acids ascorbate and citrate were much higher and
isocitrate and 2-oxoglutarate much lower in S. pennellii than
in S. lycopersicum and, finally, glucose was much higher
but other sugars much lower in S. pennellii (Schauer et al.

2005b). Whereas many of the directionalities of the QTL
correspond to the differences between the parental lines,
this is, by no means, always the case. For example, there
are QTL for decreased glucose content and increased minor
sugar contents, suggesting the presence of a considerable
degree of transgressive behavior, as previously observed in
the fruit (Schauer and Fernie 2006). Furthermore, here we
identified mQTL that have been identified previously for
seeds (Toubiana et al. 2012, 2015) and fruits (Schauer et al.
2006, 2008) (Supplementary Table 8).

We were also interested in how the metabolite QTL were
related to the 27 physiological and morphological pheno-
types we have previously collected on this population (de
Oliveira Silva et al. 2018). Highly interesting correlations
were evident and, because of the size of the population, are
likely very robust. Amongst these are the strong correla-
tions between the sugars sucrose, fructose and myo-inositol
with the intracellular carbon dioxide concentration (Ci). In
addition, glucose, GABA and myo-inositol were strongly
correlated with the chloroplastic ETR. Similarly, sucrose,
glucose and fructose as well as the amino acids threonine,
alanine and aspartate were highly correlated with shoot
dry weight. These correlations are all consistent with the
role of leaves as a source tissue. Indeed, the links to Ci and
the ETR likely reflects that high levels of the latter result
in high photoassimilate production but the effects on dry
weight to the shoots likely reflecting the fact that sugars are
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available as substrates for polymer synthesis and respiration,
respectively.

Perhaps equally interestingly, some of the correlations
that we had anticipated were not detected here. For example
considerable evidence links the abundance of both ascor-
bate and malate to various aspects of photosynthesis with
transgenic tomato plants that accumulate different levels of
these metabolites and show alterations in CO, assimilation
rates and stomatal aperture (Nunes-Nesi et al. 2005; Araujo
et al. 2011) and to studies in experimental vineyard; which
suggests the generality of this relationship (Gago et al.
2017). These relationships were not uncovered in our cur-
rent study. This may however merely reflect the relatively
minor changes in the leaf levels of malate and ascorbate
across the population.

Noteworthy, our study also demonstrated that a greater
number of highly correlated parameters occur within the
same tissue and not between tissues (Fig. 5). This result is
at first glance surprising, particularly because in our pre-
vious study the harvest index (the ratio of agronomically
useful yield over the total yield) exhibited a controlling role
in fruit metabolite composition (Schauer et al. 2006; Phuc
et al. 2010). It is important to mention that the plants were
not at a similar developmental stage when seed/fruit and
leaf tissues were harvested. This certainly added to the low
number of correlations observed between metabolites from
different organs but highlighted the leave metabolites that
are highly associated with fruit and seed metabolites even
in early stages of plant development. For example, succinate
and 2-oxoglutarate in leaves of young plants are highly asso-
ciated with several metabolites in seeds (Fig. 5). Moreover,
because fruit, seed and leaf exhibit distinct metabolic activ-
ity and have different degree of specialization, the observed
results highlight the existing differences in metabolite com-
position between different plant tissues and organs, as previ-
ously described (Desbrosses et al. 2005; Matsuda et al. 2009,
2010). These studies emphasize that plants synthesize hun-
dreds to thousands of compounds, of which some are accu-
mulating in specific and distinct tissues and organs, whereas
others are more general and concentrate in several tissues.
Thus, our results suggest that flexibility in the regulation of
metabolism is certainly required for the dynamic control of
metabolic activity among the tissues and organs.

In summary, here we have characterized the genetic
architecture of primary metabolites within the tomato leaf,
extending the data of the far more studied fruit and seed
tissues. A whole plant understanding of metabolism will
be required to optimize crop yield and quality in next gen-
eration crop engineering (Sonnewald and Fernie 2018). In
agreement, similarly to other such cross tissue analyses per-
formed in maize (Wen et al. 2015), 10 of these QTL are
conserved across the tissues, whereas many others are tissue
specific. The availability of the genome sequences of both
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parental lines (Bolger et al. 2014) together with a higher
resolution backcrossed inbred lines population of S. pennel-
lii likely represent important tools for the understanding of
the individual metabolite QTL and their associations with
physiological and morphological traits.

Acknowledgements Open access funding provided by Max Planck
Society. Financial support was provided by Conselho Nacional de
Desenvolvimento Cientifico e Tecnolégico (CNPq) (grant number
484675/2013-3 to ANN), Fundacdo de Amparo a Pesquisa do Estado
de Minas Gerais (FAPEMIG) (grant numbers APQ-00688-12 and
APQ-02548-13) and Max Planck Society to ANN. Research fellow-
ship granted by CNPq to ANN is also gratefully acknowledged. SA and
ARF acknowledge funding of the PlantaSYST project by the European
Union’s Horizon 2020 research and innovation programme (SGA-CSA
No 664621 and No 739582 under FPA No. 664620). DZ was funded
by the TOMRES grant (H2020 #727929). Work at FC lab was funded
by the CONICET, ANPCYT, UBA (Argentina) and European Union
Horizon 2020 Research and Innovation Programme, Grant Agreement
Number 679796 (TomGEM).

Author contributions KAL, PGLK and ARF conceived and designed
research. MM, RRRG, JSG and MC conducted experiments. ANN, SA,
FMOS, GL, FC, NO and ZN analyzed data and performed bioinfor-
matic analysis. ANN, SA and ARF wrote the manuscript.

Compliance with ethical standards

Conflict of interest All authors declare that they have no conflict of
interest.

Ethical approval This article does not contain any studies with human
or animal subjects.

Open Access This article is distributed under the terms of the Crea-
tive Commons Attribution 4.0 International License (http://creativeco
mmons.org/licenses/by/4.0/), which permits unrestricted use, distribu-
tion, and reproduction in any medium, provided you give appropriate
credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.

References

Alseekh, S., Ofner, 1., Pleban, T., Tripodi, P., Di Dato, F., Cammareri,
M., et al. (2013). Resolution by recombination: breaking up Sola-
num pennellii introgressions. Trends in Plant Science, 18(10),
536-538.

Alseekh, S., Tohge, T., Wendenberg, R., Scossa, F., Omranian, N., Li,
J., etal. (2015). Identification and mode of inheritance of quantita-
tive trait loci for secondary metabolite abundance in tomato. The
Plant Cell, 27(3), 485-512.

Alseekh, S., Tong, H., Scossa, F., Brotman, Y., Vigroux, F., Tohge, T.,
et al. (2017). Canalization of tomato fruit metabolism. The Plant
Cell, 29(11), 2753-2765.

Araujo, W. L., Nunes-Nesi, A., Osorio, S., Usadel, B., Fuentes, D.,
Nagy, R., et al. (2011). Antisense inhibition of the iron-sulphur
subunit of succinate dehydrogenase enhances photosynthesis and
growth in tomato via an organic acid-mediated effect on stomatal
aperture. The Plant Cell, 23(2), 600-627.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Identification and characterization of metabolite quantitative trait loci in tomato leaves...

Page110f 13 46

Ballester, A. R., Tikunov, Y., Molthoff, J., Grandillo, S., Viquez-
Zamora, M., de Vos, R., et al. (2016). Identification of Loci affect-
ing accumulation of secondary metabolites in tomato fruit of a
Solanum lycopersicum x Solanum chmielewskii introgression line
population. Frontiers in Plant Science, 7, 1428.

Baxter, C. J., Carrari, F., Bauke, A., Overy, S., Hill, S. A., Quick, P. W.,
et al. (2005). Fruit carbohydrate metabolism in an introgression
line of tomato with increased fruit soluble solids. Plant & Cell
Physiology, 46(3), 425-437.

Bolger, A., Scossa, F., Bolger, M. E., Lanz, C., Maumus, F., Tohge,
T., et al. (2014). The genome of the stress-tolerant wild tomato
species Solanum pennellii. Nature Genetics, 46(9), 1034—1038.

Carrari, F., Baxter, C., Usadel, B., Urbanczyk-Wochniak, E., Zanor,
M. 1., Nunes-Nesi, A., et al. (2006). Integrated analysis of
metabolite and transcript levels reveals the metabolic shifts
that underlie tomato fruit development and highlight regula-
tory aspects of metabolic network behavior. Plant Physiology,
142(4), 1380-1396.

Causse, M., Duffe, P., Gomez, M. C., Buret, M., Damidaux, R., Zamir,
D., et al. (2004). A genetic map of candidate genes and QTLs
involved in tomato fruit size and composition. Journal of Experi-
mental Botany, 55(403), 1671-1685.

Chan, E. K., Rowe, H. C., Hansen, B. G., & Kliebenstein, D. J. (2010).
The complex genetic architecture of the metabolome. PLoS Genet-
ics, 6(11),e1001198.

Chitwood, D. H., Kumar, R., Headland, L. R., Ranjan, A., Covington,
M. F,, Ichihashi, Y., et al. (2013a). A quantitative genetic basis for
leaf morphology in a set of precisely defined tomato introgression
lines. The Plant Cell, 25(7), 2465-2481.

Chitwood, D. H., Maloof, J. N., & Sinha, N. R. (2013b). Dynamic
transcriptomic profiles between tomato and a wild relative reflect
distinct developmental architectures. Plant Physiology, 162(2),
537-552.

Cruz, C. D. (2013). GENES—a software package for analysis in
experimental statistics and quantitative genetics. Acta Scientiarum
Agronomy, 35(3), 271-276.

de Oliveira Silva, F. M., de Avila Silva, L., Aratgjo, W. L., Zs6gon, A.,
& Nunes-Nesi, A. (2017). Exploiting natural variation to discover
candidate genes involved in photosynthesis-related traits. Methods
in Molecular Biology, 1653, 125-135.

de Oliveira Silva, F. M., Lichtenstein, G., Alseekh, S., Rosado-Souza,
L., Conte, M., Suguiyama, V. F., et al. (2018). The genetic archi-
tecture of photosynthesis and plant growth-related traits in tomato.
Plant, Cell & Environment, 41(2), 327-341.

Desbrosses, G. G., Kopka, J., & Udvardi, M. K. (2005). Lotus japoni-
cus metabolic profiling. Development of gas chromatography-
mass spectrometry resources for the study of plant-microbe inter-
actions. Plant Physiology, 137(4), 1302-1318.

Dixon, R. A., & Strack, D. (2003). Phytochemistry meets genome
analysis, and beyond. Phytochemistry, 62(6), 815-816.

Do, P. T., Prudent, M., Sulpice, R., Causse, M., & Fernie, A. R. (2010).
The influence of fruit load on the tomato pericarp metabolome
in a Solanum chmielewskii introgression line population. Plant
Physiology, 154(3), 1128-1142.

Eshed, Y., & Zamir, D. (1995). An introgression line population of
Lycopersicon pennellii in the cultivated tomato enables the iden-
tification and fine mapping of yield-associated QTL. Genetics,
141(3), 1147-1162.

Fan, P., Miller, A. M., Liu, X., Jones, A. D., & Last, R. L. (2017).
Evolution of a flipped pathway creates metabolic innovation in
tomato trichomes through BAHD enzyme promiscuity. Nature
Communications, 8(1), 2080.

Fanourakis, D., Giday, H., Milla, R., Pieruschka, R., Kjaer, K. H.,
Bolger, M., et al. (2015). Pore size regulates operating stoma-
tal conductance, while stomatal densities drive the partitioning

of conductance between leaf sides. Annals of Botany, 115(4),
555-565.

Fernie, A. R., Aharoni, A., Willmitzer, L., Stitt, M., Tohge, T., Kopka,
J., et al. (2011). Recommendations for reporting metabolite data.
The Plant Cell, 23(7), 2477-2482.

Fridman, E., Carrari, F., Liu, Y. S., & Zamir, D. (2004). Zooming in on
a quantitative trait for tomato yield using interspecific introgres-
sions. Science, 305(5691), 1786—1789.

Gago, J., Fernie, A. R., Nikoloski, Z., Tohge, T., Martorell, S.,
Escalona, J. M, et al. (2017). Integrative field scale phenotyping
for investigating metabolic components of water stress within a
vineyard. Plant Methods, 13, 90.

Garbowicz, K., Liu, Z., Alseekh, S., Tieman, D., Taylor, M., Kuhals-
kaya, A., et al. (2018). Quantitative trait loci analysis identifies a
prominent gene involved in the production of fatty-acid-derived
flavor volatiles in tomato. Molecular Plant, 11(9), 1147-1165.

Hall, D., Tegstrom, C., & Ingvarsson, P. K. (2010). Using association
mapping to dissect the genetic basis of complex traits in plants.
Briefings in Functional Genomics, 9(2), 157-165.

Harrigan, G. G., Stork, L. G., Riordan, S. G., Reynolds, T. L., Rid-
ley, W. P., et al. (2007). Impact of genetics and environment on
nutritional and metabolite components of maize grain. Journal of
Agricultural and Food Chemistry., 55(15), 6177-6185.

Holtan, H. E., & Hake, S. (2003). Quantitative trait locus analysis of
leaf dissection in tomato using Lycopersicon pennellii segmental
introgression lines. Genetics, 165(3), 1541-1550.

Ingvarsson, P. K., & Street, N. R. (2011). Association genetics of com-
plex traits in plants. New Phytologist, 189(4), 909-922.

Jansen, R. C., Tesson, B. M., Fu, J., Yang, Y., & Mclntyre, L. M.
(2009). Defining gene and QTL networks. Current Opinion in
Plant Biology, 12(2), 241-246.

Keurentjes, J. J. B., Jingyuan, F., de Vos, C. H. R., Lommen, A., Hall,
R.D., Bino, R. J., et al. (2006). The genetics of plant metabolism.
Nature Genetics, 38(7), 842—-849.

Kopka, J., Schauer, N., Krueger, S., Birkemeyer, C., Usadel, B., Berg-
muller, E., et al. (2005). GMD@CSBDB: the golm metabolome
database. Bioinformatics, 21(8), 1635-1638.

Li, B., Zhang, Y., Mohammadi, S. A., Huai, D., Zhou, Y., & Klieben-
stein, D. J. (2016). An integrative genetic study of rice metabo-
lism, growth and stochastic variation reveals potential C/N Parti-
tioning Loci. Scientific Reports, 6(1), 30143.

Liaw, A., & Wiener, M. (2002). Classification and regression by ran-
dom Forest. R News, 2(3), 18-22.

Lippman, Z. B., Semel, Y., & Zamir, D. (2007). An integrated view of
quantitative trait variation using tomato interspecific introgres-
sion lines. Current Opinion in Genetics & Development, 17(6),
545-552.

Lisec, J., Schauer, N., Kopka, J., Willmitzer, L., & Fernie, A. R. (2006).
Gas chromatography mass spectrometry-based metabolite profil-
ing in plants. Nature Protocols, 1(1), 387-396.

Lisec, J., Steinfath, M., Meyer, R. C., Selbig, J., Melchinger, A. E.,
Willmitzer, L., et al. (2009). Identification of heterotic metabolite
QTL in Arabidopsis thaliana RIL and IL populations. The Plant
Journal, 59(5), 777-788.

Liu, Y. S., Gur, A., Ronen, G., Causse, M., Damidaux, R., Buret, M.,
et al. (2003). There is more to tomato fruit colour than candidate
carotenoid genes. Plant biotechnology journal, 1(3), 195-207.

Liu, Y. S., & Zamir, D. (1999). Second generation L. pennellii intro-
gression lines and the concept of bin mapping. Tomato Genetics
Cooperative, 49, 26-30.

Lépez, M. G., Zanor, M. 1., Pratta, G. R., Stegmayer, G., Boggio, S.
B., Conte, M., et al. (2015). Metabolic analyses of interspecific
tomato recombinant inbred lines for fruit quality improvement.
Metabolomics, 11(5), 1416-1431.

Luedemann, A., von Malotky, L., Erban, A., & Kopka, J. (2012).
TagFinder: preprocessing software for the fingerprinting and the

@ Springer



46 Page120f13

A. Nunes-Nesi et al.

profiling of gas chromatography-mass spectrometry based metab-
olome analyses. Methods in Molecular Biology, 860, 255-286.

Lytovchenko, A., Eickmeier, 1., Pons, C., Osorio, S., Szecowka, M.,
Lehmberg, K., et al. (2011). Tomato fruit photosynthesis is seem-
ingly unimportant in primary metabolism and ripening but plays a
considerable role in seed development. Plant Physiology, 157(4),
1650-1663.

Matsuba, Y., Nguyen, T. T., Wiegert, K., Falara, V., Gonzales-Vigil, E.,
Leong, B., et al. (2013). Evolution of a complex locus for terpene
biosynthesis in Solanum. The Plant Cell, 25(6), 2022—-2036.

Matsuda, F., Hirai, M. Y., Sasaki, E., Akiyama, K., Yonekura-Sakak-
ibara, K., Provart, N. Jet al (2010). AtMetExpress development: a
phytochemical atlas of Arabidopsis development. Plant Physiol-
ogy, 152(2), 566-578.

Matsuda, F., Yonekura-Sakakibara, K., Niida, R., Kuromori, T., Shino-
zaki, K., & Saito, K. (2009). MS/MS spectral tag-based annotation
of non-targeted profile of plant secondary metabolites. The Plant
Journal, 57(3), 555-577.

Mirnezhad, M., Romero-Gonzalez, R. R., Leiss, K. A., Choi, Y. H.,
Verpoorte, R., & Klinkhamer, P. G. (2010). Metabolomic analysis
of host plant resistance to thrips in wild and cultivated tomatoes.
Phytochemical Analysis, 21(1), 110-117.

Mounet, F., Moing, A., Garcia, V., Petit, J., Maucourt, M., Deborde, C.,
et al. (2009). Gene and metabolite regulatory network analysis of
early developing fruit tissues highlights new candidate genes for
the control of tomato fruit composition and development. Plant
Physiology, 149(3), 1505-1528.

Ning, J., Moghe, G. D., Leong, B., Kim, J., Ofner, 1., Wang, Z., et al.
(2015). A feedback-insensitive isopropylmalate synthase affects
acylsugar composition in cultivated and wild tomato. Plant Physi-
ology, 169(3), 1821-1835.

Nunes-Nesi, A., Carrari, F., Lytovchenko, A., Smith, A. M., Loureiro,
M. E., Ratcliffe, R. G., et al. (2005). Enhanced photosynthetic
performance and growth as a consequence of decreasing mito-
chondrial malate dehydrogenase activity in transgenic tomato
plants. Plant Physiology, 137(2), 611-622.

Pnueli, L., Carmel-Goren, L., Hareven, D., Gutfinger, T., Alvarez, J.,
Ganal, M., et al. (1998). The SELF-PRUNING gene of tomato
regulates vegetative to reproductive switching of sympodial
meristems and is the ortholog of CEN and TFL1. Development,
125(403), 1979-1989.

Quadrana, L., Almeida, J., Asis, R., Duffy, T., Dominguez, P. G., Ber-
mudez, L., et al. (2014). Natural occurring epialleles determine
vitamin E accumulation in tomato fruits. Nature Communications,
5,3027.

Roessner-Tunali, U., Hegemann, B., Lytovchenko, A., Carrari, F.,
Bruedigam, C., Granot, D., et al. (2003). Metabolic profiling of
transgenic tomato plants overexpressing hexokinase reveals that
the influence of hexose phosphorylation diminishes during fruit
development. Plant Physiology, 133(1), 84-99.

Ron, M., Dorrity, M. W., de Lucas, M., Toal, T., Hernandez, R. L.,
Little, S. A., et al. (2013). Identification of novel loci regulating
interspecific variation in root morphology and cellular develop-
ment in tomato. Plant Physiology, 162(2), 755-768.

Ronen, G., Carmel-Goren, L., Zamir, D., & Hirschberg, J. (2000). An
alternative pathway to beta-carotene formation in plant chromo-
plasts discovered by map-based cloning of Beta and old-gold color
mutations in tomato. Proceedings of the National Academy of
Sciences of the United States of America, 97(20), 11102-11107.

Saito, K., & Matsuda, F. (2010). Metabolomics for functional genom-
ics, systems biology, and biotechnology. Annual Review of Plant
Biology, 61, 463-489.

Sauvage, C., Segura, V., Bauchet, G., Stevens, R., Do, P. T., Nikoloski,
Z., et al. (2014). Genome-wide association in tomato reveals 44
candidate loci for fruit metabolic traits. Plant Physiology, 165(3),
1120-1132.

@ Springer

Schauer, N., & Fernie, A. R. (2006). Plant metabolomics: towards bio-
logical function and mechanism. Trends in Plant Science, 11(10),
508-516.

Schauer, N., Semel, Y., Balbo, I., Steinfath, M., Repsilber, D., Selbig,
J., et al. (2008). Mode of inheritance of primary metabolic traits
in tomato. The Plant Cell, 20(3), 509-523.

Schauer, N., Semel, Y., Roessner, U., Gur, A., Balbo, 1., Carrari, F.,
et al. (2006). Comprehensive metabolic profiling and phenotyp-
ing of interspecific introgression lines for tomato improvement.
Nature Biotechnology, 24(4), 447-454.

Schauer, N., Steinhauser, D., Strelkov, S., Schomburg, D., Allison, G.,
Moritz, T., et al. (2005a). GC-MS libraries for the rapid identifica-
tion of metabolites in complex biological samples. FEBS Letters,
579(6), 1332-1337.

Schauer, N., Zamir, D., & Fernie, A. R. (2005b). Metabolic profiling of
leaves and fruit of wild species tomato: a survey of the Solanum
Iycopersicum complex. Journal of Experimental Botany, 56(410),
297-307.

Schilmiller, A. L., Moghe, G. D., Fan, P., Ghosh, B., Ning, J., Jones, A.
D., etal. (2015). Functionally divergent alleles and duplicated loci
encoding an acyltransferase contribute to acylsugar metabolite
diversity in Solanum trichomes. The Plant Cell, 27(4), 1002-1017.

Sonnewald, U., & Fernie, A. R. (2018). Next-generation strategies for
understanding and influencing source-sink relations in crop plants.
Current Opinion in Plant Biology, 43, 63-70.

Steinhauser, M. C., Steinhauser, D., Gibon, Y., Bolger, M., Arrivault,
S., Usadel, B., et al. (2011). Identification of enzyme activity
quantitative trait loci in a Solanum lycopersicum x Solanum pen-
nellii introgression line population. Plant Physiology, 157(3),
998-1014.

Tieman, D., Zhu, G., Resende, M. F. Jr.,, Lin, T., Nguyen, C., Bies, D.,
et al. (2017). A chemical genetic roadmap to improved tomato
flavor. Science, 355(6323), 391-394.

Tieman, D. M., Zeigler, M., Schmelz, E. A., Taylor, M. G., Bliss, P.,
Kirst, M., et al. (2006). Identification of loci affecting flavour vola-
tile emissions in tomato fruits. Journal of Experimental Botany,
57(4), 887-896.

Tohge, T., Scossa, F., & Fernie, A. R. (2015). Integrative approaches to
enhance understanding of plant metabolic pathway structure and
regulation. Plant Physiology, 169(3), 1499-1511.

Toubiana, D., Batushansky, A., Tzfadia, O., Scossa, F., Khan, A.,
Barak, S., et al. (2015). Combined correlation-based network
and mQTL analyses efficiently identified loci for branched-chain
amino acid, serine to threonine, and proline metabolism in tomato
seeds. The Plant Journal, 81(1), 121-133.

Toubiana, D., Semel, Y., Tohge, T., Beleggia, R., Cattivelli, L., Rosen-
tal, L., et al. (2012). Metabolic profiling of a mapping population
exposes new insights in the regulation of seed metabolism and
seed, fruit, and plant relations. PLoS Genetics, 8(3), €1002612.

Wen, W., Li, K., Alseekh, S., Omranian, N., Zhao, L., Zhou, Y.,
et al. (2015). Genetic determinants of the network of primary
metabolism and their relationships to plant performance in a
maize recombinant inbred line population. The Plant Cell, 27(7),
1839-1856.

Xu, X., Martin, B., Comstock, J. P., Vision, T. J., Tauer, C. G., Zhao,
B., et al. (2008). Fine mapping a QTL for carbon isotope com-
position in tomato. Theoretical and Applied Genetics, 117(2),
221-233.

Ye, J., Wang, X., Hu, T., Zhang, F., Wang, B., Li, C., et al. (2017). An
InDel in the promoter of Al-activated malate transporter9 selected
during tomato domestication determines fruit malate contents and
aluminum tolerance. The Plant Cell, 29(9), 2249-2268.

Zanor, M. ., Rambla, J. L., Chaib, J., Steppa, A., Medina, A., Granell,
A., et al. (2009). Metabolic characterization of loci affecting sen-
sory attributes in tomato allows an assessment of the influence of



Identification and characterization of metabolite quantitative trait loci in tomato leaves... Page 130f 13 46

the levels of primary metabolites and volatile organic contents. Publisher’s Note Springer Nature remains neutral with regard to

Journal of Experimental Botany, 60(7), 2139-2154. jurisdictional claims in published maps and institutional affiliations.
Zou, H., & Hastie, T. (2012). Elastic-Net for sparse estimation and

sparse PCA. Retrieved from http://cran.r-project.org/packa

ge=elasticnet.

Affiliations

Adriano Nunes-Nesi' - Saleh Alseekh?3 - Franklin Magnum de Oliveira Silva' - Nooshin Omranian?3 .
Gabriel Lichtenstein® - Mohammad Mirnezhad’ - Roman R. Romero Gonzalez’ - Julia Sabio y Garcia* -
Mariana Conte® - Kirsten A. Leiss®>° - Peter G. L. Klinkhamer® - Zoran Nikoloski*® - Fernando Carrari*’2 .
Alisdair R. Fernie??

Departamento de Biologia Vegetal, Universidade Federal de Bioinformatics Group, Institute of Biochemistry and Biology,

Vigosa, Vicosa, Minas Gerais 36570-900, Brazil University of Potsdam, Potsdam, Germany
2 Max-Planck-Institute of Molecular Plant Physiology, Am 7 Instituto de Fisiologfa, Biologia Molecular y Neurociencias
Miihlenberg 1, 14476 Potsdam, Golm, OT, Germany (IFIBYNE-UBA-CONICET), Universidad de Buenos Aires,
3 Ciudad Universitaria, C1428EHA Buenos Aires, Argentina

Center of Plant System Biology and Biotechnology
(CPSBB), Plovdiv, Bulgaria 8 Facultad de Agronomia, Catedra de Genética, Universidad de

. . , . . . Buenos Aires, Buenos Aires, Argentina
Instituto de Biotecnologia, Instituto Nacional de Tecnologia g

Agropecuaria, Consejo Nacional de Investigaciones Present Address: Business Unit Horticulture, Wageningen
Cientificas y Técnicas, B1712WAA Castelar, Argentina University & Research, Postbus 20, 2665 ZG Bleiswijk,

3 Plant Ecology, Institute of Biology, Leiden University, The Netherlands

Sylviusweg 72, 2333 BE Leiden, The Netherlands

@ Springer


http://cran.r-project.org/package=elasticnet
http://cran.r-project.org/package=elasticnet

	Identification and characterization of metabolite quantitative trait loci in tomato leaves and comparison with those reported for fruits and seeds
	Abstract
	Introduction 
	Objective 
	Methods 
	Results 
	Conclusions 

	1 Introduction
	2 Materials and methods
	2.1 Plant materials and experimental conditions
	2.2 Determination of metabolite levels
	2.3 Heat maps
	2.4 QTL mapping and heritability
	2.5 Network analysis
	2.5.1 Pre-processing metabolite data
	2.5.2 Metabolite relevance network
	2.5.3 Morphological trait-metabolite association network


	3 Results
	3.1 Evaluation of leaf mQTL in the S. pennellii ILs
	3.2 Identification of mQTL
	3.3 Genome location of the identified mQTL
	3.4 Morphological trait-metabolite association network

	4 Discussion and conclusion
	Acknowledgements 
	References


