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Abstract

Plant domestication has led to considerable phenotypic modifications from wild species to
modern varieties. However, although changes in key traits have been well documented, less
is known about the underlying molecular mechanisms, such as the reduction of molecular
diversity or global gene co-expression patterns. In this study, we used a combination of gene
expression and population genetics in wild and crop tomato to decipher the footprints of
domestication. We found a set of 1,729 differentially expressed genes (DEG) between the
two genetic groups, belonging to 17 clusters of co-expressed DEG, suggesting that
domestication affected not only individual genes but also regulatory networks. Five co-
expression clusters were enriched in functional terms involving carbohydrate metabolism or
epigenetic regulation of gene expression. We detected differences in nucleotide diversity
between the crop and wild groups specific to DEG. Our study provides an extensive profiling
of the rewiring of gene co-expression induced by the domestication syndrome in one of the

main crop species.

Introduction

Although the study of domestication processes was once largely the domain of
archaeologists and agricultural scientists, it is now the focus of transdisciplinary research
combining physical, biological and social sciences (Zeder, 2015). During the domestication
process, humans modified wild species through breeding to improve a large variety of
heritable traits. Plant domestication targeted advantageous traits for humans and thus
became early domesticates. In the early 1930’s, selective breeding turned these into modern

varieties to sustain agricultural productivity. The most common improved targeted
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phenotypes are notably seed dispersal and dormancy (Zohary & Hopf, 2000), flowering time
(Cockram et al., 2007), plant architecture (Clark et al., 2004), and fruit and seed sizes (Frary

et al., 2000).

Using quantitative trait locus (QTL) analyses, numerous domestication loci have been
characterized in major crops, including tbl in maize (Doebley et al., 1995; Studer et al.,
2011), Q in wheat (Simons et al., 2006) and fw2.2 in tomato (Frary et al., 2000), responsible
for plant branching, free-threshing and fruit weight, respectively. At the genome-wide scale,
the reduction of nucleotide diversity has been investigated in crops such as maize (Wright et
al., 2005), rices (Caicedo et al., 2007; Nabholz et al., 2014), soybean (Li et al., 2010) and
tomato (Koenig et al., 2013). Genome scan approaches have also helped pinpoint genes
that were potentially positively selected during the domestication process (Wright et al.,

2005).

The consequences of domestication provide a unique opportunity to analyse
evolutionary forces acting at the genomic as well as transcriptomic levels. Major
domestication traits are the result of gene expression rewiring, for example in cotton (Rapp
et al., 2010) or maize (Hufford et al., 2012), but the global molecular consequences of
domestication on the patterns of gene expression and their co-expression remain largely
unknown. In particular, RNA-seq data have rarely been used to investigate the extent to
which co-expression patterns are affected by factors such as domestication, especially when
grouping biological features (i.e., genes) rather than biological samples. Through a
comparative genomic approach, Bellucci et al. (2014) addressed this question in the
common bean (Phaseolus vulgaris) by studying both the pattern of nucleotide and gene co-
expression shifts between one crop and one wild population. Briefly, they demonstrated that
domestication reduced the nucleotide diversity and, to a lesser extent, gene expression at
the genome-wide scale but also altered co-expression networks, with both populations

showing distinct community structures enriched for genes involved in many phenotypes.
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Using the autogamous cultivated tomato (Solanum lycopersicum, SL and S.
lycopersicum var cerasiforme, SLC) and its closest wild relative, Solanum pimpinellifolium
(SP, Rick & Fobes, 1975), we conducted a comparative transcriptomic approach to study
alterations of genome-wide nucleotide diversity and gene expression and co-expression
potentially due to domestication. Phenotypic evidence of the domestication syndrome has
been largely documented, notably the typical 100-fold increase in fruit weight between the
wild and crop forms (Frary et al., 2000; Liu et al., 2002; Xiao et al., 2008; The Tomato
Genome Consortium, 2012; Chakrabarti et al., 2013). However, for the latter species, little is
known about the alteration of genome-wide expression profiles induced by domestication.
One recent exception is a study from Koenig et al. (Koenig et al., 2013), which focused on
the alteration of co-expression network topologies at the genome-wide scale. Although
conducted across 6 species of tomato, the aforementioned study was limited to one
accession per species and thus cannot provide information on the magnitude of intra-
species nucleotide diversity and gene expression variability, nor on the link between co-

expression profiles and phenotypic data.

In this context, we used RNA-seq based polymorphism and expression data to (1)
identify differentially expressed genes (DEG) associated with an enrichment in biological
functions; (2) investigate whether co-expression patterns were altered in both groups using
an innovative statistical approach based on a Poisson mixture model; (3) quantify the loss of
genetic diversity and global change in gene expression associated with domestication; and
(4) compare the genomic and transcriptomic signatures of domestication to provide an

overall biological interpretation of the consequences of domestication.
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Results
RNA sequencing data mapping, SNP calling and read count estimation

To study the transcriptional differences between crop and wild tomato, we used two groups
of 9 accessions each. From these 18 accessions, RNA of pooled tissues was sequenced
and mapped on the tomato reference genome (v2.4) to provide raw read counts as a proxy
for gene expression levels and identify polymorphic sites. For the 18 tomato accessions, the
minimal, maximal and average amount of raw sequencing data obtained were 1.071x10°bp
(Crop7), 5.046x10%bp (Wild6) and 2.537x10°%bp, respectively (Supplementary Table 1). On
average, data cleaning removed 1.81% of the data, ranging from 0.67% (Wild9) to 2.98%
(Crop8) of the data. Then, 65.9 % to 76.9% of the cleaned data were successfully mapped
to the tomato reference CDS set. No significant difference (p>0.05) was observed in the
percentage of mapped reads onto the reference genome (S. lycopersicum cv. Heinz 1706)
between crop and wild accessions. The average coverage per position per individual was
estimated to be 53.2x, ranging from 23.4x to 94.8x. The SNP calling identified 143,097
polymorphic sites. From these polymorphic sites, 41.2% were removed after applying filters
(Material and Methods). Then, a final set of 84,155 polymorphic sites, identified in 12,168
CDS (representing 35% of all known CDS), was retained for subsequent nucleotide diversity
analyses. These 12,168 CDS represent 15.1% (109.9Mb/728Mb) of the sequenced fraction

of the reference tomato genome.
Population genetic analyses

To get insight into the demographic history of the tomato domestication, we ran population
genetic analyses to (1) characterize population structure and (2) get estimates of silent and
non-synonymous nucleotide diversity and Tajima’s D statistic across the genome. Out of the
84,155 detected polymorphic sites, a genomic position was assigned to 83,809 loci (99.5%)
onto the twelve tomato chromosomes. The remaining 0.5% of the loci (346) was assigned to

the virtual chromosome 0. A visual inspection of the first two components of a principal
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components analysis (PCA) on polymorphism data indicates a clear separation between the
crop and wild groups; these two components explained 32.2% and 9.6% of the genetic
variance, respectively (Figure la). The inference of population ancestry revealed two
populations (K=2), respectively composed of the 9 wild and the 9 crop individuals. However,
a substructure distinguishing 3 ancestral populations can be observed when setting K=3

(see Supplementary Figure 1).

At the intra-species level, the genome-wide Trc.p/Twig ratio was estimated to be
0.642. More precisely, the average synonymous (ms) and non-synonymous (Try)
polymorphism rates were estimated to be 8.60x10™ and 2.17x10™ in the crop group, and
1.53x10° and 3.6x10™ in the wild group, respectively. The profiles of ms and Ty varied
across the genome, identifying regions with higher nucleotide diversity in the crop group
compared to the wild group, especially on chromosomes 9 and 11. At the genome-wide
scale, the average Tajima’s D was estimated to be -0.573 (x 0.930) and -0.294 (+ 0.937) in
the crop and wild groups, respectively. Figures 2a, 2b and 2c provide a graphical
representation of these 1y s and Tajima’s D genomic patterns for both groups (population

genetics statistics are provided in Supplementary Table 2).

Identification of DEG between wild and crop, enrichment analysis and gene

expression variability

Domestication may have rewired gene expression levels and variability for specific
molecular functions. To identify the targets of this rewiring, we identified DEG between the
crop and wild tomato groups. Following this, we identified over-represented molecular
functions within the set of DEG with a gene ontology enrichment test. Non-zero total read
counts (RC) were obtained for 34,010 CDS (97.9%) of the known CDS in tomato. After
filtering to remove genes with total RC less than 5000 across all 18 samples, gene
expression data were composed of 12,270 genes. Subsequent analyses were performed on

this dataset (normalized read counts are provided in Supplementary Table 3). A PCA
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analysis of the 18 individuals based on the transformed normalized gene expression levels
revealed two distinct groups, respectively composed of the 9 crop accessions and the 9 wild
accessions (Supplementary Figure 2). The first (PC1l) and second (PC2) principal
components explained 36% and 20% of the total variance, respectively (Figure 1b). For the
gene expression data (n=12,270), we examined the biological coefficient of variation (BCV),
computed as the square root of the mean gene expression dispersion (a proxy of the gene
expression variance) in both crop and wild and estimated these BCV to 0.31 and to 0.23 in
each group respectively. After correction for multiple testing (adjusted p-value < 0.01), a
differential analysis revealed 1,729 DEG with a moderated log, fold change (LFC) ranging
from -1.9 to 3.3 (Supplemental Table 4). Among these 1,729 DEG, 863 (49.7%) were up-
regulated in crop accessions, while 866 (50.3%) were up-regulated in wild accessions. For
the set of DEG genes, the BCV were estimated to 0.32 and 0.27 in the crop and wild group,
respectively. We also compared the PCA coordinates of the individuals obtained from the
polymorphism data (X-axis) and the expression levels of the DEG (Y-axis). As previously
stated, in both cases, the graphical representation distinguished between the two separate
groups (Figures la and 1b). The scatter diagram of the paired coordinates representing the
individuals in the polymorphism and DEG expression levels similarly indicated a clear

separation of crop vs wild, but not a large re-ranking of the individuals between the two axes.

An enrichment test revealed several significantly over-represented gene ontologies. The
gene space was composed of 24,970 annotated genes (71.9% of the known CDS) while the
test set was composed of 1,515 annotated genes (87.6% of the 1,729 DEG). Among the 863
DEG up-regulated in crop vs wild, a total of 7 GO were found to be over-represented,
notably linked to the oxidation-reduction, L-ascorbic acid metabolic, sucrose processes or
linked to the cell wall biogenesis, the fatty acid biosynthetic and diterpenoid biosynthetic
processes (Table 1). Within the 866 DEG down-regulated in crop vs wild, 2 GO terms were
over-represented. These terms were linked to cell death and the response to stress. The

complete list of over-represented GO terms associated with up- and down-regulated DEG is
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provided in Table 1. Note that in the data published by Koenig (2013), 1938 DEG were
identified between S. lycopersicum and S. pimpinellifolium, of which 242 DEG (12.5% of the

1938 DEG) were found in common with our study.

A differential variability analysis revealed seven genes that are differentially variable
between crop and wild groups (adjusted p-values < 0.05). Among these genes, a single
gene (Solyc07g061750, Figure 3) has a larger variability in wild as compared to crop, while
the remaining six have larger variability in crop versus wild. Figure 3 provides the
representation of the log-normalized counts (Log,CPM) corresponding to these seven
differentially variable genes. It is interesting to note that, of these seven differentially variable
genes, four were not detected by the differential expression analysis. The functional
annotation of these seven genes curated from the literature revealed that they are primarily
involved in plant immunity, flowering, fruit development, and ripening, while one of these

seven genes remains poorly annotated.

Clustering of the DEG genes and associated enriched gene ontologies

Alteration of co-expression patterns of DEG may have occurred during domestication,
especially for specific biological processes. To identify such alterations, we built co-
expression clusters of DEG using an innovative statistical approach and associated over-
represented gene ontologies to these clusters. The 1,729 DEG were clustered into groups of
co-expressed genes using the HTSCluster approach (Rau et al.,, 2015). Using the data-
driven slope estimation (DDSE) calibration of the slope heuristics for model selection, K=23
clusters were identified among the 1,729 DEG. However, because the model with K=17
clusters was found to yield a substantially similar clustering result to the model with K=23
clusters (estimated adjusted Rand Index equal to 0.893) while being more parsimonious, it
was instead retained for subsequent analyses. For this model, the distribution of maximum
conditional probabilities was characterized by a substantial mass of values close to 1

(Supplementary Figure 2), with a maximum conditional probability > 0.95 assigned to 97.9%
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of the DEG (1,694/1,729). The per-cluster log;o(normalized read counts+1) of each of the 18
accessions are shown in Figure 4. In addition, we performed a GO enrichment analysis in
each of the co-expression clusters that contained more DEG than the number of accessions
{K=1, 2,5, 7, 8, 10, 11, 17}. This analysis revealed that 5 clusters were significantly enriched
in biological process (BP) terms, notably related to the response to stress (K=5), the
generation of precursor metabolites and energy (K=7), metabolic process (K=8), the
epigenetic regulation of gene expression (K=11), and carbohydrate metabolism (K=17). The

complete list of enriched GO terms (both slim and complete terms) is provided in Table 2.

Identification of genes potentially selected during the domestication process

During domestication, the rapid fixation of haplotypes carrying favourable polymorphisms
may occur and print the genome. To identify these footprints, we identified ortholog genes
from an outgroup species to determine the derived/ancestral state of the SNP data and
compare the homozygosity along the genome between the crop and the wild group.
Differences in haplotype sizes are a clue for selective sweeps. The best BLAST mutual hit
(BBMH) approach identified a set of 9408 orthologous genes (at a threshold of 1x10°)
between the tomato and the outgroup species, the eggplant transcriptome (Solanum
melongena, assembled according to (Sarah et al., 2016)). We searched for selective sweeps
by analysing the genome-wide Rsb index at each polymorphic site within the 9378 tomato-
eggplant orthologs. This index is defined as the ratio (crop over wild) of the integrated EHH
(Extended Haplotype Homozigosity) profiles in both groups. Figures 2d and 2e represent the
genome-wide Rsb and its associated logio(p-values) computed assuming a Gaussian
distribution of the integrated haplotype score (iHS) values in both groups. Thus, a strongly
negative Rsb corresponds to a derived allele that has increased in frequency (selective

sweep). However, a selective sweep can also produce highly positive Rsb values at

neighbouring SNPs if the ancestral allele hitchhiked with the allele under selection at the
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focal SNP. At p-values less than 0.01, we identified a set of 153 potentially selected genes
grouped in a total of 27 sweep regions (of two or more genes). From this set of genes, the
GO enrichment analysis was conducted on 139 genes (90.8%) and did not reveal any

enriched gene ontology term.
Comparison between genomic and expression footprints

We investigated whether the nucleotide diversity (115 or 1y) of the DEG included in the co-

expression clusters was affected during the domestication process. Using three ANOVA

Tty Crop | )

models, we tested 1) the effect of differential status (DEG versus non-DEG) on log —
N

Ttg Crop ,
g Wild’

the effect of differential status on log and 3) the effect of differential status and group

(crop versus wild) on log™*. Based on these models, we found that both synonymous and
gT[
S

non-synonymous polymorphism rates tended to be larger in the wild group than the crop
group, and this trend was significantly more pronounced for DEG than for non-DEG (p-value
= 2.44x 10 and p-value = 8.65 x 10™ in models 1 and 2, respectively — Figure 5). Similarly,

when considering the ratio lng_N’ which provides an idea of the efficiency of purifying
S

selection, we found that DEG had significantly smaller values as compared to non-DEG (p-
value = 1.10 x 107 ; model 3) as did the wild group as compared to crop (p-value = 2.20 x
10*°: model 3), although their interaction was not significant. This suggests that purifying
selection tended to be stronger among DEG as well as in the wild group. Finally, from the
set of 153 genes within the selective sweeps and the set of 1729 DEG, 23 genes were found
to be in common (15.03% of the 153 genes), with 10 up-regulated in crop and 13 up-
regulated in wild. These 23 candidate genes mostly belong to co-expression clusters

{5,7,8,11} with 5, 4, 3 and 7 candidate genes, respectively.
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Discussion

Global changes in gene expression levels and co-expression patterns are associated

with shift in nucleotide diversity between wild and crop groups

Understanding the domestication process is a key to crop breeding but also a unique
opportunity to study rapid evolutionary processes on a short time scale that occurred at the
phenotypic and molecular levels. For instance, the number of genes that are involved in
domestication and artificial selection, as well as their identification, is still unsolved for many
crops. Changes in regulation of gene expression likely play a key role but remain poorly
understood. Methodological developments such as the clustering of co-expressed genes

offer new opportunities to dissect the regulatory changes induced by this process.

In addition to the loss of diversity (-34%) induced by the domestication process we
also found major shifts in individual gene expression levels but also in co-expression
patterns. Recent studies in maize (Swanson-Wagner et al., 2012), tomato (Koenig et al.,
2013) and the common bean (Bellucci et al., 2014) have also found major changes in the
regulation of gene expression consistent with the hypothesis that regulatory differences are
fundamental to the evolution of morphological and developmental diversity (Carroll, 2008).
As in the common bean, where a drastic reduction in nucleotide diversity (-60%) was
associated with a reduction in the diversity of gene expression levels (-26%), we found a
modification in the biological coefficient of variation (BCV) of gene expression of 25%
between the crop and the wild group. This means that, the gene expression values for all the
expressed genes varied up and down by 31% and by 23% and by 32% and 27%, in the set
of DEG in the crop and wild groups, respectively. More importantly, this means that
domestication may have favoured gene expression variance. Changes in gene expression
have been already found in tomato, where thousands of shifts in gene expression levels
related to environmental response and stress tolerance were identified (Koenig et al., 2013).

Compared to Koenig et al. (2013), we identified a similar number of DEG between crop and
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wild accessions (1,729 DEG vs 1,938 DEG for the S. lycopersicum vs S. pimpinellifolium
comparison, at the 5% significance threshold) in spite of a different sampling strategy, while
only 242 DEG were common to both studies. The study by Koenig et al. was based on the

analysis of six different tissues, while in our case pools of three tissues were sequenced.

Co-expression analysis is a powerful approach to investigate the concerted action of genes,
infer gene functions, and provide novel insights into the understanding of cellular processes.
In our study, 17 co-expression clusters were identified, of which 14 were composed of DEG
characterized by a lower average level of expression in crop vs wild (Figure 4); in related
work in the common bean (Bellucci et al., 2014), such an alteration of entire networks was
observed by studying the proximity network of gene co-expression in two populations. This
study in common bean demonstrated that the intersection of the networks built in each

population shared only a few edges, indicating weak similarity in networks between groups.

A severe reduction in nucleotide diversity is typically associated with the domestication
syndrome. This reduction has been characterized at the locus level (e.g., candidate genes)
and revisited at the genome-wide level in numerous crops such as maize (Hufford et al.
2012), rice (Huang et al., 2012), soybean (Zhou et al., 2015), common bean (Schmutz et al.,
2014) and cucumber (Qi et al., 2013). The severity of this reduction was substantially
variable, with a range of loss estimated from 17% to 49% of the nucleotide diversity of the
wild compartment in maize and cucumber, respectively. In the present study, the multi-locus
estimates of silent nucleotide diversity are low, with Trs,crop and Tis,wip €stimated at

9.948x10™ and 1.528x107®, respectively, supporting a reduction of nucleotide diversity of

nearly 34% (;t: \C/\igg = 0.651). However, this result must be cautiously interpreted, as this

reduction may be underestimated compared to previous results (Roselius et al., 2005; The
Tomato Genome Consortium, 2012). Here, our strategy relies only on protein-coding regions

of the genome (RNA-seq data), which are known to be under stabilizing or negative
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selection compared to 5’-UTR or other non-coding regions of the genome (Bustamante et
al., 2005); this would affect 1y as it reflects selection effects, but not 15 as it reflects the

demography of the populations.

Evidences of selective sweep (corresponding to the rapid fixation of one or several
haplotypes carrying favourable polymorphism) have been observed in various crop species
including maize, rice at the tb1l (Wang et al., 1999; Clark et al., 2004) and the waxy (Olsen et
al., 2006) loci, respectively. In tomato, domestication sweeps were related to fruit size (Cong
et al., 2002; Paran & van der Knaap, 2007). In the high-throughput genomic era, Lin et al.
(Lin et al., 2014) argued that the domestication processes resulted in the fixation of a large
proportion of the tomato genome, corresponding to nearly 200Mb (25.6% of the assembled
genome). Here, two underlying processes are at play. The domestication and improvement
sweeps and linkage drags associated with introgression jointly limit further improvement via
conventional breeding. As expected, and despite a reduced number of accessions per
group, we revealed severe selective sweeps that reflect the strength of selected experienced

through domestication and breeding.

To compare genomic and expression footprints, we built a scatter diagram for the paired
coordinates of PCA on both polymorphism and DEG expression data for each of the
accessions (Figure 1c). This diagram is characterized by much longer arrows in the crop
group compared to the wild group, suggesting gene expression levels were more highly
perturbed in the former than the latter, as demonstrated notably by the greater overall under-

expression of DEG in this group.

Significant differences in logf[—N were identified between the genetic groups and between
S

DEG and non-DEG. More precisely, we observed a significantly smaller TT—N ratio not only in
S

the wild group compared to crop, but also among DEG compared to non-DEG. This

suggests that selective pressures occurred that affected DEG during domestication.
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However, no interaction among differential status and group was observed, suggesting that

the effect of these selective pressures on DEG was similar in both the wild and crop groups.

It can be argued that traits of interest in tomato were improved from the tweaking of gene
expression regulation rather than the maintenance of nucleotide diversity as a source of
adaptation and novelty. Finally, a set of 23 candidate genes was found to be common to the
DEG and the sweep regions. Outside of chromosomes 9 and 12, this reduced set of
candidate genes was spread across the genome, meaning that they did not tend to cluster

around a particular locus.

What is the functional interpretation of the candidate genes revealed by their

expression levels and co-expression patterns?

By exploring the variability in gene expression levels, seven genes were identified using the
DiffVar approach, suggesting that the domestication of tomato both altered and rewired gene
expression levels through an increase or decrease in variability. Thus, this rewiring may be
associated with phenotypes more adapted to human needs and preferences in tomato as it
moves towards its diversification. The large spectrum of fruit shape of tomato is an example
of this diversification (Rodriguez et al., 2011). Interestingly, four out of the seven differentially
variable (DV) genes were not detected as DEG. Such a limited overlap between DV and
DEG sets was previously reported and can in part be interpreted as being due to a small
available sample size (N<20 per group) (Ho et al., 2008). Thus, the detection power for DV
genes is correlated to the number of available replicates, meaning that future larger

experimental designs will tend to yield a larger number of detected DV genes.

These seven DV genes are involved in flowering (Solyc00g009120.2.1; MacAlister et al.,
2012), immunity (Solyc04g078290.2.1, (Pombo et al., 2014)), ripening (Solyc07g066630.2.1,
(Zhong et al., 2013); Solyc07g032080.2.1 and Solyc079g061750.2.1, (Park et al., 2014), fruit
development (Solyc09g009830.2.1, (Karlova et al., 2013)), while Solyc08g082980.2.1 is

described as a potential serine/threonine  protein  kinase  WNK4  like
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(http://bioinfo.bti.cornell.edu/cgi-bin/itak/db_gene_seq.cgi?trans_ID=Solyc08g082980.2.1).

Briefly, in plants, serine/threonine protein kinase WNK4 like genes may regulate flowering
time by modulating the photoperiod pathway (http://www.uniprot.org/uniprot/Q9LVL5).
Interestingly, the only gene (Solyc07g061750) showing a higher expression variability in wild
compared to crop is described as an Ankyrin like protein (GO:0005515 — protein binding),
that is part of the superfamily of the ankyrin protein (130 genes identified in the tomato,
(Yuan et al., 2013)) that is crucial for growth and development but also for plant response to
biotic and abiotic stresses. Thus, in this latter case, we hypothesize that such a reduction of
expression variability in crop has been induced by directional selection for a reduction in cis-
regulatory variation, supporting previous observations in maize (Hufford et al., 2012;

Lemmon et al., 2014).

The GO term enrichment analysis revealed that over-expressed and under-expressed DEG
in crop vs wild were enriched in 7 and 2 Slim GO terms, respectively. Among the set of 7 GO
in the former case, the underlying molecular functions are mainly associated with
carbohydrate, lipid, metabolic and biosynthetic processes while the complete GO terms were
associated with oxidation-reduction, starch metabolic, L-ascorbic acid, sucrose, fatty acid

biosynthesis and diterpenoid biosynthesis processes (Table 2 for more details).

When examining the ascorbate biological pathway, the oxidation-reduction process may be
associated with the L-ascorbic acid (also known as Vitamin C), starch and sucrose
(carbohydrate complete GO Term) biosynthetic processes. Indeed, L-ascorbic acid and
starch are anti-correlated traits (Baxter et al., 2005), as starch is a major contributor to the
soluble solids content (SSC) of mature fruits, while sugars are the precursor of the L-
ascorbic acid pathway. This latter acid plays a major protective role against Reactive
Oxygen Species. Failure in this role may lead to cell death, which is one of the over-
represented Slim GO terms in the present study and associated with under-expression in
crop vs wild groups. Many previous studies investigated the synthesis and content of L-

ascorbic acid at the molecular level in the tomato through linkage mapping or GWA (Stevens
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et al., 2007; Sauvage et al., 2014), revealing its polygenic genetic architecture. Major
change in L-ascorbic content was induced by domestication, leading to low content in the
crop compared to its wild counterpart and thus reducing the plant’s adaptation potential to

stressful environments (Gest et al., 2013), but also reducing the benefit for human health.

The over-representation of DEG genes involved in the diterpenoid biosynthetic process
revealed that domestication affected specialized metabolism like the diterpenoid
biosynthesis. Indeed, Matsuba et al. (Matsuba et al., 2013) demonstrated that a functional
cluster on chromosome 8 containing five Terpene synthases (TPSs) shared the same
organization in the crop (S. Lycopersicum) and the wild (S. pimpinellifolium) groups, but
differed in biochemical and tissue specific expression. Thus we provide evidence that
domestication altered specialized metabolism such as the Terpene volatiles, as recently

demonstrated in (Tieman et al., 2017) or the anti-nutritional Alkaloids (Itkin et al., 2013).

On the other hand, the under-expressed genes in crop vs wild are involved in biological
processes related to basal functions, such as response to stress and cell death. We can
argue that, in a controlled growing environment, selective pressures were relaxed on these
under-expressed DEG genes in crop vs wild. Furthermore, the bottleneck that affected these

genes may have induced a similar relaxation of the selective pressure, as illustrated by the
differences of the % ratio in the DEG and the non-DEG sets. Globally, we observed that the

molecular estimates of nucleotide diversity and the associated functional annotation
corroborate the fact that domestication selected trade-offs between traits associated with

sugar and ascorbate metabolism and traits related to the response to stress.

Within the 17 co-expression clusters identified, up to 14 GO terms were over-represented in
clusters {5,7,8,11,17}. This indicates that domestication globally lowered the gene
expression levels of hundreds of genes, acting on entire gene networks, notably related to
plant defense and cell death (as previously described), lipid and carbohydrate metabolisms,

and more interestingly to the epigenetic regulation of gene expression (see Table 3).
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Epigenetic effects notably regulate gene expression through repression (Wolffe & Matzke,
1999), making epialleles contributors to phenotypic diversity in plants, as demonstrated in
Arabidopsis EpiRils populations (Kooke et al., 2015). In tomato, it has been demonstrated
that epigenetic effects trigger fruit ripening (Manning et al., 2006; Zhong et al., 2013). Thus
our results support the fact that key phenotypes such as flowering, productivity (Latzel et al.,
2013) or fruit shape, may have been finely tuned by epigenetically modulating of gene
expression through modification of DNA methylation. This in turn may have led to participate

to morphological variation that can be observed in tomato for these key phenotypes.

Three major modules of highly co-expressed genes were identified in Koenig et al. (2013)
using a slightly different approach based on the comparison of co-expression networks built
in S. lycopersicum and S. pennellii, one of its wild green-fruited relatives. In their study, only
3 co-expression clusters were identified (in comparison to 17 in our current study). The
largest module (composed of 852 DEG) was enriched for GO terms related to
photosynthesis, carbon metabolism, and response to light, while the second and third
modules, composed of 272 genes and 144 DEG, were enriched in GO terms related to root
tissues and in cell division, respectively. These observations are not fully consistent with the
over-represented GO terms associated with the co-expression clusters identified in the
present study. However, the sampling schemes and analytical and clustering approaches
are quite different, explaining the poor overlap between both studies in terms of biological

interpretation.

From the set of 153 candidate genes under selection, we also conducted a GO term
enrichment analysis by refining our analysis to the most significant Rsb values. Thus these
candidate genes partly overlapped the domestication and improvement selective sweep
detected in Lin et al. (2014), especially on chromosomes 2, 6 and 9. However, the GO term
enrichment analysis did not reveal any over-represented biological processes for these

candidate genes, strongly limiting our interpretation of this result. In addition, the GO term

This article is protected by copyright. All rights reserved.



enrichment analysis conducted on the set of 23 genes overlapping the diversity and

expression footprints did not reveal any over-represented biological processes.

In conclusion, this work showed that the effects of domestication are genome-wide and have
affected both primary and specialized biological functions, through the rewiring of gene co-
expressions levels. This rewiring is associated to a reduction of nucleotide diversity partially
originating from the fixation of useful mutations. Thus we highlight the crucial role of crop
wild relative to support further breeding strategies and avoid the reduction of adaptive

potential in crop species.

Material and Methods

Biological samples and RNA sequencing

A set of 18 tomato accessions was chosen to represent a broad spectrum of nucleotide
diversity in the crop tomato (Solanum lycopersicum — SL and S.I. cerasiforme - SLC) and its
closest wild relative (S. pimpinellifolium — SP). Details regarding these 18 accessions are
reported in Supplementary Table 1. The 18 accessions were grown in triplicate in a
greenhouse in 2012. Leaf, flower (40 days post-anthesis) and fruit (red ripening stage)
tissues were sampled. RNA was extracted using the DNAeasy plant QIAGEN kit according
to the manufacturer’s protocol. The RNA extraction was conducted for all tomato accessions
as follows. For each tissue sample of each accession, RNA integrity and quality were
checked on Nanodrop N1000 and on an Agilent Bioanalyser. Then, RNA of each tissue was
pooled in a 65/20/15 proportion (inflorescence, fruit, and leaves, respectively) constitute the
sample related to one accession, representing a total quantity of 2 ug. These 18 RNA-seq
libraries were prepared to obtain tagged (6bp) and paired-end 101bp sequences, following
the Illumina TrueSeq protocol and recommendations. Libraries were then sequenced using
the HiSeq 2000 Illumina sequencing system. Raw reads are hosted online on the

Southgreen platform (http://arcad-bioinformatics.southgreen.fr).
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Bioinformatic analysis workflow

The complete bioinformatic workflow is available on GitHub
(https://github.com/SouthGreenPlatform/arcad-hts). Briefly, data quality checking and
trimming was conducted using FastQC (0.10.2,
http://www.bioinformatics.babraham.ac.uk/projects/fastqc) and CutAdapt (v1.8.5, (Martin,
2011)), while BWA (v0.7.3, (Li & Durbin, 2009) was used to process the mapping step onto
the tomato reference CDS set (build v2.4). A fixed Anova model (value~group) tested any
difference in read mappings between the crop and the wild accessions. Then, the variant
calling tool GATK (Unified Genotyper — (McKenna et al.,, 2010)) performed base quality
score recalibration, indel realignment, duplicate removal according to GATK Best Practices
recommendations (Van der Auwera et al., 2002; DePristo et al., 2011). The VCFtools
(v0.1.10, (Danecek et al., 2011)) filtered the output variant calling file (vcf) to retain sites
showing a minimal coverage of 8x per individual and a MAF of 0.05. Finally the raw read

count estimation was obtained using the samtools idxstats option (v0.1.19, (Li et al., 2009)).

Differential expression and variability analyses between the cultivated and wild

groups

The table of raw mapped read counts (RC) per accession (9 replicates each for the crop and
wild groups) and per gene was built from the mapping statistics provided by GATK. In order
to remove noise from expression patterns associated with very weakly expressed genes as
recommended in Rau et al. (2015), only genes with a total RC greater than 5000 across all
samples (or equivalently, a mean RC greater than 278) were retained for further analysis.
Then, the Bioconductor [R] package DESeq2 (Love et al., 2014) was used to identify
significantly differentially expressed genes (DEG). Significance was declared after adjusting
raw p-values to control the false discovery rate (FDR) at 5% using the Benjamini-Hochberg
procedure (Benjamini & Hochberg, 1995). A variance stabilizing transformation was applied

to normalized gene expression data prior to performing a principal components analysis
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(PCA). We subsequently conducted a differential gene expression variability analysis
between the cultivated and wild groups using the ‘DiffVar’ approach implemented in the
missMethyl R/Bioconductor package (Phipson & Oshlack, 2014). Our objective was to
identify candidate genes that differ in terms of expression variability between groups that
may be caused by the rewiring of the underlying expression dynamics as illustrated by the
co-expression patterns we identified here. Based on Levene’s z-test (Levene, 1960), the
method detects differential variability in features measured in high-dimensional ‘omics data.
The method is suitable for a broad range of experimental designs and is robust to non-
normal distributions of gene expression levels. Briefly, this analysis consists of two steps: (1)
Use the voom procedure (Law et al., 2014) to calculate gene-specific precision weights from
the mean-variance relationship of normalized log-counts (Log,CPM) for each gene; and (2)
incorporate the per-gene weights into the empirical Bayes modeling framework of the limma
R/Bioconductor package (Smyth, 2004) to stabilize t-statistics calculated on absolute
deviations of the voom-transformed counts from the group mean. Genes were declared
differentially variable after controling the FDR at 5% using the Benjamini-Hochberg

approach.

Clustering normalized gene expression profiles

To reach a high quality clustering, raw read counts were filtered to the stringent threshold of
>5000 to remove weakly expressed genes. Here, the normalized expression profiles of DEG
were clustered to discover groups of co-expressed genes using the statistical method
implemented in the R package ‘HTSCluster’ v2.0.8 (Rau et al., 2015). Briefly, the approach
relies on an appropriately parameterized Poisson mixture model, a rigorous framework for
parameter estimation, and a set of criteria to select the optimal number of clusters. The RC
data were assumed to come from K distinct subpopulations (clusters), each of which was
modeled separately by its own Poisson log-linear model whose mean was decomposed into
three parts: 1) the Trimmed Mean of M-values (TMM) library size factors (Scropj and S, for

the j=1, ..., 9 replicates); 2) the total expression of each gene; 3) the cluster-specific
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variations in expression between crop and wild (Acopx and Ayigk). These mixture parameters
were estimated using an Expectation-Maximization (EM) algorithm. Each cluster k may then

be described by a distinct normalized expression profile:

N = (Scrop,j X Acrop ks Swildj X Awilax), forj=1, ... 9

corresponding to the proportion of normalized reads attributed to each sample; genes were
assigned to a cluster using the maximum a posteriori (MAP) rule on the conditional
probabilities of cluster membership. Finally, a set of mixture models was fit for a sequence of
numbers of clusters (K =1, ..., 50, 55, ..., 75), and the slope heuristics, a non-asymptotic
penalized likelihood criterion calibrated by the data-driven slope estimation (DDSE)
approach (Baudry et al., 2011), was used to perform model selection among this set (i.e.,
the choice of the number of clusters K). The adjusted rand index (ARI) was computed to
compare clusters associated with similar mixture models; hierarchical clustering (using
complete linkage) on the Euclidean distance among /\ values was used to identify clusters

with similar and dissimilar profiles.

Gene ontology enrichment analyses

Enrichment in gene ontologies (GO) associated to the DEG was assessed using the
Wallenius non-central hypergeometric distribution in the R/Bioconductor package ‘goseq’
(Young et al., 2010). Gene lengths were retrieved from the ITAG v2.4. Only the biological
processes (BP) GO terms were examined using the eval.go function. The gene space and
testing list were defined from the tomato genome Slim GO terms and the GO terms
associated to the DEG, respectively. Correction for multiple testing was applied using an
FDR control of 5%. This procedure was applied similarly in two cases: (1) to identify the
enriched molecular functions associated with the set of DEG between the crop and wild
groups; and (2) to identify the enriched molecular functions associated with each cluster of
DEG built using HTSCluster. Finally, to make a valid comparison between our analysis and

the one conducted by Koenig et al. (2013), we extracted the data from the pairwise gene-
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expression differences (adjusted p-values and log2 fold changes, from Supplementary Table
4) of the DEG identified at the 5% threshold and ran the gene ontology enrichment analysis

using identical parameters.
Population genetic analyses and nucleotide diversity estimation

The population structure was inferred using the Structure v2.3 software (FALUSH et al. 2003)
and according to the recommendations proposed in Gilbert et al. (2012) to ensure the
reproducibility of the results of this study. In particular, the most likely number of clusters K in
all simulations was assumed to be in the range of K = 1 to K = 10. Ten replicates were
conducted for each K with a burn-in period of 1x10°, followed by 5x10°® MCMC steps. The ad

hoc statistic DK was used to determine the most probable K (EVANNO et al. 2005).

From the genotyping matrix, used as an input for the population structure analysis (see
above), a principal component analysis was run, using the ‘prcomp’ function implemented in
R, on all 18 individuals to provide a graphical description of the dataset on the first 2 axes.
Similarly a PCA was conducted using the normalized level expression of the set of
differentially expressed genes (see below) between the crop and wild group. Then, using the
‘s.match’ function implemented in the ‘mixOmics’ [R] package (v5.1.2, (Le Cao et al., 2009)),
a scatter diagram for the paired coordinates of both PCA on polymorphism (X-axis) and

DEG expression (Y-axis) data represented the individuals in this two-dimensional space.

To determine the ancestral or derived state of each SNP marker, a best blast mutual hit was
conducted by blasting (tblastn) the reference tomato CDS against the transcriptome of
eggplant (Solanum melongena) (Sarah et al., 2016). The e-value threshold was set to 1x10

% as tomato and eggplant have diverged since ~15.5 Myr (Wu & Tanksley, 2010).

A homemade program based on the Bio++ library (Gueguen et al., 2013) already described
in (Nabholz et al., 2014) computed the level of polymorphism in both the crop and wild
groups defined as the average number of pairwise nucleotide differences per site between

DNA sequences (denoted ). The silent (11s) and non-synonymous nucleotide diversity (1Ty)
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per polymorphic gene are giving information regarding the action of natural selection (i.e.
level of constrain) on protein coding genes and, in our case, giving a rough estimation of the
magnitude of the loss of diversity during the domestication bottleneck. The Tajima’s D index
that quantifies departure from the neutral theory model at equilibrium between mutation and
genetic drift was also computed per gene and per genetic group. A negative Tajima’s D
value indicates an excess of rare allele (due for example to recent population expansion or
selective sweep), while a positive value indicates an excess of alleles in intermediate
frequency (ex: population structure or balancing selection). The raw data are provided in

Supplementary Table 2.

Scanning for the detection of selective sweeps

To detect selective sweeps that may have occurred during the domestication process, we
applied the approach proposed by Tang et al. (2007). Thus, in both groups, haplotypes were
defined using Fastphase software (Scheet & Stephens, 2006), v1.2. Eggplant orthologs
allowed orientating the SNP states (ancestral or derived). Then, the phased data were
implemented in the rehh [R] package (Gautier & Vitalis, 2012) to compute the Rsb statistic
for each SNP marker on separate chromosomes. Briefly, the Rsb statistic compared the
extended haplotype homozygosity (EHH) between the crop and the wild groups, revealing
recent positive selection. Then for a focal SNP, the Rsb statistic was defined for the pair of
group as the (standardized) logs of the iES (integrated EHH) for the first population (IEScrop)
and the second population (IESw.p). At the genome-wide level, we examined the genes
included in the 1% of upper and 1% of lower distribution of the Rsb values. Then, from this
set of genes, we ran a GO enrichment analysis using the perl module GO::TermFinder,
which calculates the significance of GO term over-representation using an hypergeometric
test (Boyle et al., 2004) and applied a 5% FDR correction. We compared the overlap
between the 2% extreme Rsb values and the DEG (see below) and reran a GO enrichment

analysis on this dataset (FDR<5%) using the same tool and parameters. A literature search
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pinpointed the exact molecular functions of this set of overlapping genes that are both (1)

included in selective sweeps and (2) differentially expressed between crop and wild.

Detection of cluster- and DEG-specific nucleotide diversity between crop and wild

We investigated the mean nucleotide diversity (both 11y and 1) of the genes included in (1)
each type of genes (DEG vs non-DEG, so-called ‘type’ factor) and (2) in each group (wild

and crop). To do so, we first replaced 0 values with the smallest estimated nonzero value for

TN Crop

my and Ty across all genes in both groups (3.54 x 107°), and then calculated logn —
N

logis 3;‘;, and logTT—N in the wild and crop groups. We next fit the following linear models,
S S

with model 1 : log% ~ type; model 2: logissix’lz ~

type; and model 3: logTT[[—N ~ type +
N

group + typexgroup, where type is the type of gene (DEG or non-DEG). Similarly to the
previous models, a type-Il Anova table was constructed for each model and F-statistics used

to test for significance at a threshold of p < 0.05.

All gene expression, statistical analyses and graphical representations were performed
using Rv3.2.1 (R Core Team 2013). R scripts are provided as Rmarkdown documents in the

supplementary material.
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Table 1. Complete list of GO terms over-represented within the set of the 1,729 DEG between crop and wild tomato accessions.

- (+) indicates GO associated to up-regulated genes in crop compared to wild while (-) indicate GO associated to down-regulated genes in crop compared to wild

Over

DEG . Number in
. Type of Representation Number
Regulation GO category ] . Gene Term
GO adjusted p- in DEG

type value Space
+ Slim G0:0008152 1.951 x 10™° 177 1841 Metabolic process
i Slim G0:0009058 2.902 x 10" 143 1639 Biosynthetic process
+ Slim G0:0005975 1.093 x 10 84 893 Carbohydrate metabolic process
+ Slim G0:0006091 2.864 x 10 61 435 Generation of precursor metabolites and energy
+ Slim G0:0006629 3.375x 10 67 662 Lipid metabolic process
+ Slim G0:0019748 6.680 x 10 39 370 Secondary metabolic process
+ Slim G0:0006810 1.102 x 10 123 1433 Transport
- Slim G0:0008219 2.309 x 10 29 146 Cell Death
- Slim G0:0006950 2.636 x 10* 132 1435 Response to stress
+ Complete G0:0055114 4703 x 10 101 910 Oxidation-reduction process
+ Complete G0:0005982 2.423x 10" 36 275 Starch metabolic process
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+ Complete
+ Complete
+ Complete
+ Complete
+ Complete
+ Complete

G0:0019852

G0:0008152

G0:0005985

G0:0009834

G0:0006633

G0:0016102

3.105x 10
5.808 x 10
7.825x 10
2.138x10%
9.648 x 10

1.316 x 10

13

85

34

18

49

898

298

19

95

L-ascorbic acid metabolic process
Metabolic process

Sucrose metabolic process

Plant-type secondary cell wall biogenesis
Fatty acid biosynthetic process

Diterpenoid biosynthetic process
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Table 2. Complete list of GO terms over-represented within each co-expression cluster

Coexpr. Over . Number l-\lumber
Cluster Type of GO GO category Rt?presentatlon in DEG in Gene Term
adjusted p-value Space
5 Complete G0:0006952 1.544x 10 12 110 Defense response
5 Complete G0:0006915 1.961x 10% 8 48 Apoptotic process
7 Complete G0:0015992 1.279x10% 10 71 Proton transport
17 Complete G0:0005982 1.726 x 10 12 275 Starch metabolic process
17 Complete G0:0005985 3.357x10% 12 298 Sucrose metabolic process
17 Complete G0:0009834 1.056 x 10 4 19 Plant-type secondary cell wall biogenesis
5 Slim G0:0006950 2.625x10% 46 1435 Response to stress
5 Slim G0:0008219 4.063x 10 9 146 Cell death
7 Slim G0:0006091 4.235x 10" 29 435 Generation of precursor metabolites and energy
7 Slim G0:0006810 1.607 x 10 54 1433  Transport
8 Slim G0:0008152 7.171x10% 63 1841 Metabolic process
8 Slim G0:0006629 8.694 x 10 29 662 Lipid metabolic process
8 Slim G0:0006091 1.563 x 10% 21 435 Generation of precursor metabolites and energy
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11

11

11

17

17

17

Slim

Slim

Slim

Slim

Slim

Slim

Slim

G0:0009058

G0:0006412

G0:0040029

G0:0006259

G0:0005975

G0:0006629

G0:0009058

1.566 x 10
3.899 x 10
1.145x 10
5.501x 10
7.896 x 10
2.627 x10%

3.407 x 10*

51

34

18

31

23

16

31

1639

542

87

277

893

662

1639

Biosynthetic process

Translation

Regulation of gene expression epigenetic
DNA metabolic process

Carbohydrate metabolic process

Lipid metabolic process

Biosynthetic process

* - (+) indicates GO associated to up-regulated genes in crop compared to wild while (-) indicate GO associated to down-regulated genes in crop compared to wild
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Figure Legends

Figure 1. PCA (first two axes) from the polymorphism data (A) and the gene expression
levels of the 1,729 differentially expressed genes between the crop and the wild group (B).
The scatter diagram plots the paired coordinates of both PCA on polymorphism data for the
individuals from the (X-axis) to DEG expression (Y-axis) (C). Crop and wild accessions are
depicted in red and blue respectively. Percentages of variance explained by each PCA axis
are given on the axes labels.

Figure 2. Genome-wide representation of population genetic parameters in the crop
and wild groups: (a) genomic patterns of silent nucleotide diversity 1rs (b) genomic patterns
of non-synonymous nucleotide diversity 1y, (C) genomic patterns of Tajima’s D index, (d)
genomic patterns of the Rsb index per SNP marker revealing selective sweeps. For each of
these statistics, the crop and wild groups are depicted in red and blue, respectively. As
discussed, nucleotide diversity is higher in crop than in wild on chromosomes 9 and 11,
reflecting the introgression events that occurred during modern breeding from crop and wild
relatives.

Figure 3. Graphical representation of the voom-transformed counts illustrating the significant
variability of seven genes, between the cultivated and the wild group. The analysis of the
data was based on the DiffVar approach implemented in the missMethyl Bioconductor
package (Phipson, 2014).

Figure 4. Visualisation of overall behaviour of co-expression clusters. For each co-
expression cluster, boxplots represent the quartiles of the distribution of the Logig
(normalised read count)+1 for each of the 18 tomato accessions. Outlier values are plotted
as circles while whiskers represent the upper and lower 5" percentiles of the distribution of
the Logo (normalised read count)+1.

Figure 5. Boxplots of log and log p (panels A and B, respectively) according to

differential status (DEG and non-DEG) and of logn— by group (crop and wild) and
S

differential status (panel C)
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