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Abstract

Plukenetia volubilis L. (also known as Sacha inchi) is a crop from the family Euphorbiaceae of
considerable economic interest given the nutritional properties of its seeds: high content of edible
oils, protein and tocopherols. Sacha inchi’s seed oil is characterized by a predominant proportion
of polyunsaturated fatty acids (PUFAs), which is favorable from a health perspective. In this
work, the genome annotation of a previously generated draft-genome assembly was performed.
Later, genome-guided transcriptome analyses, including differential expression and co-expression
network analyses, were carried out to identify potential regulators of FA and TAG biosynthesis.
A total of 51757 genes models were predicted, from which 47531 were functionally annotated.
Differential expression dynamics of genes related to FA and TAG biosynthesis is described. From
the co-expression network analysis, important putative regulators of FA and TAG biosynthesis
were found. In particular, WRI1, FUS3, and LEC1 stand out given their regulatory roles. The
identification of regulatory genes involved in FA and TAG biosynthesis pathways will provide useful
resources for further research and efforts in the genetic improvement of Sacha Inchi.

1 Introduction

To date more than 370000 plant species have been discovered, from those, only 20 provide most of the
world’s food, with three prominent crops such as wheat, maize, and rice accounting for 60 % of calories
and 56 % of protein consumed from plants by humans [1]. Many edible plant species receive little
attention in research, often crops that are used in local or regional scales. These underused crops have
the potential to contribute to food security, climate change mitigation and nutrition improvement
[1]. This is possible through reduced carbon footprint, enhancements of plant resilience and diet
diversification.

Plukenetia volubilis L.(Euphorbiaceae), also known as Sacha inchi(Inca peanut) is a perennial oil seed
crop native to the tropical region of south america where it grows at altitudes from 200 to 1200 m.a.s.1
[2]. This species is of economic interest due to the nutritional properties of its seeds: a high content of
edible oils (~50 % of dry weight), a high content of protein (~27 % of dry weight), tocopherols (class
of chemicals that display antioxidant activity), among others [3-5].

Sacha inchi’s oilseed composition is characterized by a predominant proportion of polyunsaturated
fatty acids (PUFAs) that account for ca. 77-88% of total fatty acid content [1, 4], followed by mo-
nounsaturated fatty acids (MUFAs) and saturated fatty acids that account for ca. 8-13 % and ca. 7-9



% of total fatty acid content respectively [1]. The PUFA fraction consists primarily of essential fatty
acids like a-linolenic acid (18:3 cis-A9,12,15; ALA) and linoleic acid (18:2 cis-A9,12; LA) accounting
for ca. 35-50 % and ca. 33-41 % of total PUFA content, respectvively [3, 4, 6].

As low proportions of Omega-3/Omega-6 fatty acids (a characteristic of Western diets) are related
to cardiovascular disease, cancer, and inflammation [7], Sacha inchi seeds, with a high proportion of
Omega-3/Omega-6 presents as a healthy source of oils to complement the diet of developed and/or
developing countries. For these reasons, understanding the processes behind Sacha inchi’s oil produc-
tion is of great interest, as it can offer targets for the genetic enhancement of this crop and a model of
oil production in plants.

Several transcriptomic studies of Sacha inchi have been done to date, in particular regarding floral
sex diferentiation [8] and oil production pathways [3, 6, 9]. In the later, expression profiles from
different developmental stages were analyzed to identify key genes in FA and TAG biosynthesis path-
ways. Genes such as FAD2, FAD3, SAD2 are commonly posed as highly related to rapid oil produc-
tion/accumulation stages [3, 6, 9], but further studies are still needed to fully understand this process.
Little attention have been given to the regulators of FA and TAG biosynthesis pathways, which may
be of special interest as targets of gnomic modification as they can have effects over many genes of
a particular pathway. It is also worth mentioning that those studies were carried out with a de-novo
transcriptome assembly strategy to identify transcripts, which may limit the precision of their anal-
yses due to the lack of a reference genome. It has been demonstrated that using a genome-guided
transcriptome assembly strategy usually generates longer contigs [10, 11] and a more complete set of
genes [12] that are not dependent of the sample.

To date, EAFIT has advanced its own genome project on Sacha inchi intending to better understand its
oil production and to search targets for genetic enhancement. This work aims to advance this project
with the functional annotation of the existing draft genome of Sacha inchi and with a genome-guided
transcriptomic analysis (which may improve precision compared to previous de novo transcriptomic
analysis) of oil production pathways, with a focus on the regulation of these pathways.

2 Methods

2.1 Genome assembly from previous work

The assembled draft genome and repeat annotation from [13] served as the basis of this work.

In short, [13] sequenced, assembled and explored the characteristics of P. volubilis genome. It was
established that P. volubilis is an allotetraploid species, meaning that P. volubilis is the product of a
hybridization event that occurred at some point in evolutionary history. Hence, P. volubilis genome
is composed of both paternal and maternal ancestral subgenomes. The subgenomes present a degree
of divergence, which partly explains the high heterozygosity of the genome. A summary of the main
characteristics of the genome is given in Table 1.

Table 1. Summary of P. volubilis draft genome assembly from [13].

Parameter Value
Genome size (Mb) 594
Estimated haploid genome size (Mb) 334
Heterozygosity (%) 11.6
GC content (%) 29.4
Number of scaffolds(# sequences) 13713
N50 (Kb) 112
Complete BUSCOs (%) 96.4




Given the above characteristics, the draft genome presents some redundancy and thus is not an haploid
representation.

2.1.1 Repeat sequences annotation

Briefly, the EDTA (v1.6.4) pipeline was used, and thus all its dependencies [14-21], to annotate the
repetitive content of the MaSuRCA assembly, with options sensitive, anno and evaluate [13].

2.2 Genome annotation

An illustration of the pipeline used in the ”Gene model prediction” and ”Functional annotation of
genes” sections, is given in Figure S1.

2.2.1 Gene model prediction

The strategy used for gene prediction was based on homology of RNA-seq data (Our libraries and
external RNA-seq data from other P. wvolubilis studies [3, 6, 8], protein data from closely related
species(Fuphorbiaceae family) available at the time in the NCBI database (Ricinus communis [22],
Jatropha curca [23], Manihot esculenta [24], Hevea brasiliensis [25]) and de novo predictions.

First, our RNA-seq data were aligned to P. volubilis genome with Magicblast [26]for subsequent tran-
scriptome reconstruction with StringTie2 [27]. This transcriptome was used as input along with the
protein data for BRAKER2 [28-38](which uses Augustus [39]and Genemark [40]for gene prediction) to
generate an initial prediction. This prediction was later passed to MAKER [41] (which uses Augustus,
Genemark and SNAP [42]) along with the transcriptome, the protein data and annotations mapped
with Liftoff [43]from closely related species (Ricinus communis [22], Jatropha curca [44], Manihot escu-
lenta [24], Hevea brasiliensis [25]). Four rounds of MAKER runs were made to optimize gene models.
Two additional rounds were made using a transcriptome extended with external RNA-seq data, which
was generated as described previously.

2.2.2 Functional annotation of genes

Functional annotation was carried out with the help of two pipelines: MANTIS [45] (wich internally
compares against eggNOGb5 [46], TIGRfams [47], Kofams [48], Pfam [49]databases) and Taxonomy Ori-
ented Annotation (TOA) [50](which internally compared against Dicots PLAZA 4.0, Gymno PLAZA
4.0 [51], NCBI Refseq plant and NCBI blast nr databases). KEGG Automatic Annotation Server
(KAAS) [52]with bidirectional hit rate was also used to complement the annotation and identification
of oil related production genes.

2.2.3 Ortholog analysis

To identify orthologs between P. wvolubilis and Arabidopsis thaliana an ortholog analysis with Or-
thoFinder [53] was run. In order to make a robust analysis recomendations from [54] were followed.
For that reason 9 sets of proteins from different species related to P. volubilis were used to run Or-
thoFinder: Arabidopsis thaliana (TAIR10) [55], Populus alba [56], Saliz suchowensis [57], Mercurialis
annua [58], Hevea brasiliensis [59], Manihot esculenta (NCBI assembly accession: GCF_001659605.2),
Jatropha curcas [60], Ricinus communis [61] and P. volubilis(from this work).



2.3 Transcriptomic experiment

The ”proprietary” RNA-seq data used in this work comes from a previous transcriptome analysis [62].
The sections ”Plant material extraction” and ” Construction of RNA Libraries (TruseqTM, Illumina)”
were taken from that work.

2.3.1 Plant material extraction

Collections were made at the San Luis farm in Antioquia located 675 m.a.s.l (N6 ° 01°30.7 ”; W074
° 58°06.17). Samples of three different trees that had ideal agronomic characteristics were collected.
Developing leaf, flower, and seed samples in stages E2, E3, E4, and E5. Each of the fruits were
characterized according to their size and color.

2.3.2 Construction of RNA Libraries (TruseqTM, Illumina)

RNA extractions were made from leaf, flower, and developing seed at stages E2, E3, E4, and E5. A
total of fourteen samples were purified using the ”GeneJet Plant RNA Purification Kit” following the
manufacturer’s recommendations. The RNA was quantified by spectrophotometry (260/280 nm) in
a NanoDrop ND-2000 UV-Vis Spectrophotometer equipment (NanoDrop Technologies, USA) and it
was analyzed in 1 % agarose gel, visualized under ultraviolet light by staining with Gel Red ( 0.5 ug
/ ml). The samples were stored at -80 oC until they were sent for sequencing. 2 ug of total RNA
were used for each sample analyzed. To determine the integrity of the total RNA, the Bioanalyzer
2100 equipment, Agilent Technologies®), was used. Samples that showed an integrity number greater
than or equal to 8 were used to make the libraries. The entire process of library construction and
sequencing was carried out by the High Throughput Sequencing Facility (HTSF) of the University of
North Carolina in Chapel Hill, United States. Sequencing was performed using the second generation
Illumina HiSeq2500 platform, obtaining paired readings of 50 bases.

2.3.3 Transcriptome analysis

For the analysis of RNA-seq data, the NASA GeneLab RNA-Seq Consensus Pipeline [63] was adapted
to our datasets. In short, RNA-seq reads were aligned to Sacha inchi’s draft genome(the final gene
prediction was also used in this step) with STAR [64], then those alignments were passed to RSEM
[65]to calculate gene counts, and finally DESeq2 [66]was used for the differential expression analysis.
Genes were treated as differentially expressed if they had an adjusted p-value (Bonferroni correction)
less than or equal to 0.05.

2.4 Co-expression network
2.4.1 Construction with WGCNA

The RNA-seq data used for the network construction included all the available data from [3, 6, §]
(this data was also used in the Gene prediction step), plus data from [4] (this data was not used in
the Gene prediction step as we got access to that data well after the gene prediction step). A total
of 55 RNA-seq libraries were used for network construction, spanning tissues from seeds at different
development stages, fruit, male and female flower, stem, leaves, shoot apex and root (see Table S6).

To run the R package WGCNA (the package behind the network construction), an appropriate gene
count normalization is needed as the results of the coexpression network are dependent on correlations
across genes calculated from these counts. Based on the results of [67], read counts were normalized



with the weighted trimmed mean of M-values (TMM) method, with the help of edgeR [68]. The genes
used to construct the network were the ones that had a total sum of gene counts higher than 50 across
libraries and a coeflicient of variation across all libraries greater than 0.5. This last choice was inspired
by [69] and is used to reduce the effect of wrong correlations across the network. In total, 18769 genes
were used for network construction.

A signed adjacency network was constructed with a soft-power threshold of 12 (important parameter
for network construction in WGCNA), based on the scale-free topology criterion (See supplementary
figure S3). This criterion is recommended for the selection of the soft-power threshold parameter [70,
71]. Then an adjacency matrix was transformed into a topological overlap measure (TOM) matrix to
estimate gene-wise similarities [70, 72].

2.4.2 Co-expression module detection

From the TOM matrix, a TOM-based dissimilarity matrix [70] was created and from it, a dendrogram
was constructed, from the dendogram the ”cutreeDynamic” function of the ”dynamicTreeCut” package
was used to detect co-expression modules with an automatic tree height of 0.99 . Then modules with a
correlation greater than 0.75 were merged to get the final coexpression modules from which subsequent
analyses were made. This process was done following default parameters for co-expression module
detection [71].

2.4.3 GO enrichment analysis of coexpression modules

The ”Functional prediction” tool from the “Ortholo-gous MAtrix” project (OMA) was used to generate
GO annotations for all the P. volubilis genes. The "topGO” R package [73] was used to estimate GO
enrichment per module. Fischer exact test was used to estimate enrichment significance, and the
algorithm ”elim” was selected to manage the GO graph topology.

3 Results and discussion

3.1 Genome annotation

MAKER, the principal tool used for gene prediction, offers the option to iteratively predict genes
based on results of previous runs, using previous gene models and training gene predictors on those
gene models. This feature improves the accuracy of the predicted gene models and the quality of
downstream analysis. Three iterations were performed based on proprietary mRNA and proteins
and annotations from related species (see Methods). These iterations showed an increase in quality
as suggested by Benchmarking Universal Single-Copy Orthologs (BUSCO) scores (Tables 3 and 2).
Iterations 4 and 5 included external mRNA libraries, which had several advantages: longer lengths
(90 to 150 bp in external libraries vs 50 bp in our libraries), higher sequencing depth (ca. 26 to 65 M
of reads per external library vs ca. 16 M of reads per proprietary library), and increased transcript
diversity (additional tissues included). These last two iterations showed significant improvement in
quality according to BUSCO scores (Tables 3 and 2).

Table 2. Gene prediction by iteation summary of Sacha inchi draft genome. ncRNA prediction was done only in the
last iteration.

Prediction Iteration 1 | Iteration 2 | Iteration 3 | Iteration 4 | Iteration 5
Gene models number 5787 51214 50935 51786 51757
Number of mRNAs 59690 51757 51455 56090 58134
Average gene length (bp) 2303 3782 3832 3950 4199
Mean exon length (bp) 278 228 227 229 237




Average exon per mRNA 4.1 7.4 7.5 7.8 8.1
Mean intron length (bp) 380 326 325 343 357
tRNAs? - - - - 535
rRNAsP* - - - - 572
snRNAsP - - - - 667
miRNAsP - - - - 667

? tRNA genes were predicted with tRNAscan-SE [74]within MAKER.
P The Rfam database [75]and the Infernal software [76]were used to predict rRNA, snRNA, and miRNA genes.
¢ rRNA subunits were identified by RNAmmer [77].

Table 3. BUSCO score by iteration. A constant growth and reduction of complete and missing orthologs, respectively,
suggests an increase in the prediction quality of the genome. Iterations 2 and 3 had slight variations in the orthologous
numbers that are not well reflected in percentages.

Category BUSCOs Tteration 1 | Iteration 2 | Iteration 3 | Iteration 4 | Iteration 5
Complete (C) 84.26% 89.42% 89.42% 89.60% 93.12%
Complete single-copy (S) 77.39% 84.14% 84.14% 78.59% 77.90%
Complete duplicated (D) 6.88% 5.29% 5.29% 11.01% 15.22%
Fragmented (F) 8.21% 5.37% 5.37% 4.90% 3.18%
Missing (M) 7.52% 5.20% 5.20% 5.50% 3.70%

Overall in the final iteration, 51757 genes were predicted with 58314 mRNAs associated. These genes
have an average gene length of 4199 bp, average exon length of 237 bp, average exon number per
mRNA of 8.1, and an average intron length of 357 (Table 2). BUSCO analysis revealed that 2166
complete BUSCO sequences (93.12 %) could be identified from the eudicots dataset, indicating that
the predicted gene set was highly complete (Table 3). When comparing the number of genes detected
with other reported genome annotations of the Fuphorbiaceae family, we found that P. volubilis has the
highest number of genes, followed by H. brasiliensis and E. lathyris (Table 4). The high heterozygosity
in the genome of P. volubilis [13] may in part be responsible for this high gene count. During genome
assembly, heterozygotic loci of a given gene might be hard to resolve onto a single haploid representation
if the divergence between the alleles is high enough. Thus, the different alleles from the same locus
might be represented in the final genome assembly, resulting in multiple copies of genes for those
"inflated” loci.

Table 4. Number or gene models per species(currently published genomes) in the spurge family (Euphorbiaceae)

Species Number of gene models | Reference
Plukenetia volubilis 51757 -
Hevea brasiliensis 44187 [59]
Euphorbia lathyris 36342 [78]
Manihot esculenta 34483 [79]
Ricinus communis 30066 [80]
Vernicia fordii 28422 [81]
Jatropha curcas 27619 [82]

Among the predicted genes, 47531 (91.83 %) were functionally annotated. MANTIS, TOA, and KAAS
allowed the annotation of 90.82 % , 85,78 % and 17.34 % of all genes, respectively.

Additionally, several types of non-coding RNAs were identified, including 667 microRNA genes, 535
tRNA genes, 572 rRNA genes, and 667 small nucleolar RNA (snoRNA) genes (Table 2).
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Figure 1. Annotation overlap of TOA, MANTIS and KAAS functional annotation pipelines of Sacha inchi gene models.

3.2 Identification of ALA biosynthesis related genes

Enzymes related to Pyruvate metabolism, ALA biosynthesis, TAG biosynthesis, and FA catabolism
were searched in the functional annotations of MANTIS, TOA and KAAS. A total of 37 enzymes
across 197 genes were identified (Table 5). In a separate analysis with orthofinder 27 putative ortholog
regulators of FA and TAG biosynthesis were found (orthologs with A. thaliana) (Table 6).

Next, a short description of the role the identified genes have in their respective pathway is provided:

3.2.1 Acetyl-CoA production

The biosynthesis of ALA occurs in two steps: (1) FA elongation and (2) desaturation (illustrated
in Figure 3). The acyl chain elongation step uses acetyl-CoA as starting substrate. The acetyl-
CoA may come from the conversion of pyruvate via Pyruvate dehydrogenase complex (PDHC, which
includes four subunits: o-PDH, g-PDH, LPD and DHLAT) [3, 4, 6]. The pyruvate in turn, may
come from the conversion of Phosphoenolpyruvate via Pyruvate kinase (PK). The flux of carbon from
Phosphoenolpyruvate might be redirected to protein biosynthesis by the action of Phosphoenolpyruvate
carboxykinase (PEPC) or Phosphoenolpyruvate carboxylase (PPC) (see Figure 2) [81].

Previously, ACC and PEPC have been proposed as key enzymes driving the carbon flux to either oil
or protein biosynthesis in the seed. In particular, Zhang et. al. [81] suggested that the ratio between
the number of ACC genes to PEPC genes is possibly related to the relative contributions of oil and
protein to seed mass, where more ACC genes than PEPC genes would yield higher oil contents in the
seed. When we compared the ratio ACC/PEPC numbers with the reported seed oil contents across
seven species (Table S1, Figure S2), we found that Sacha inchi follows the proposed correlation. Sacha
presents a similar number of ACC and PEPC genes to Vernicia fordii and relatively similar seed oil
contents (ca. 50 % and 60 % for Sacha inchi and Tung tree, respectively) [81]. Nonetheless, this
correlation should be handled with care as other factors may affect the carbon flux for oil biosynthesis
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Figure 2. Acetyl-CoA production pathway. In red boxes are enzymes for which a putative gene was found. Heatmaps
correspond to logl0 TPM(Transcripts per Million) normalized expression in the corresponding genes. Only genes with a
TPM > 0 and differentially expressed across any of the following comparisons: E2 v E3, E3 v E4, E4 v E5 were shown.

that are not evident in the analyzed species.

3.2.2 ALA biosynthesis

To better illustrate this process an schematic of this pathway is presented in Figure 3.

FA elongation starts with Acetyl-Co catalyzed by acetyl-CoA carboxylase (ACC) to form malonyl-
CoA. Then, malonyl-CoA is converted to malonyl-ACP by Malonyl-CoA ACP Malonyltransferase
(MCMT). malonyl-ACP is the primary substrate for the following condensation reactions [3, 4, 6, 81].
Next, Ketoacyl-ACP synthase IIT (KAS III), Ketoacyl-ACP reductase (KAR), 3-hydroxyacyl-ACP
dehydratase (HAD), and Enoyl-ACP reductase (EAR) mediate the production of a C4:0-ACP, which
is the substrate for further elongation [3, 4, 6]. Ketoacyl-ACP synthase I (KAS I) is used for the
elongation from C4:0-ACP to C14:0-ACP [4, 6]. Ketoacyl-ACP synthase II (KAS II) catalyzes the
reaction from C14:0-ACP to C:16:0-ACP, and C:18:0-ACP [4]. SAD-ACP inserts the first desaturation
in the carbon chain, FAD2/6 (omega-6 desaturases) inserts the next desaturation, and then FAD3/7/8
(omega-3 desaturases) insert the final desaturation ending up in the formation of ALA. During the last
to carbon additions in C16:0-ACP to C18:0-ACP, and the subsequent desaturations up to C18:3-ACP,
FATB and FATA may release free fatty acids [3, 4, 6, 81]. These are then activated to CoA esters via
Long-chain acyl-CoA synthetase (LACS) and transported to the Acyl-CoA pool in the Endoplasmatic
Reticulum (ER) [3, 4, 6, 81].

3.2.3 TAG biosynthesis

TAGs (a composition of FAs and Glycerol) are the main way neutral lipids are stored in oleaginous
seeds [4]. Biosynthesis of TAGs (illustrated in Figure 4) occurs in the ER [3, 4, 81].

Dihydroxyacetonephosphate is reduced by Glycerol-3-phosphate dehydrogenase (GPDH) to form glycerol-
3-phosphate (G3P) [3, 4]. G3P is acylated by glycerol-3-phosphate acyltransferase (GPAT) to produce
2-lysophosphatidic acid (LPA) [3, 4, 6, 81]. Phosphatidic acid (PA) is synthesized from the acylation
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of LPA by Lysophosphatidic acid acyltransferase (LPAAT) [3, 4, 6, 81]. PA is transformed into Di-
acylglycerol (DAG) in a reaction catalyzed by phosphatidate phosphatase (PP) [3, 4, 6, 81]. PP is
acylated by Diacylglycerol acyltransferase (DGAT) to form TAG [3, 4, 6, 81]. Alternatively, Phos-
pholipid: diacylglycerol acyltransferase (PDAT) may catalyze the conversion of DAG to TAG using
phosphatidylcholine (PC) as an acyl donor [4, 81]. PC production for TAG synthesis from DAG is de-
pendent on the activity of LPCAT that uses Lysophosphatidylcholine (LPC) as a sustrate. DAG may
also be produced from PC via DAG-CPT [4, 81]. Free FAs enter the acyl-CoA pool for TAG synthesis
via Phospholipase A2 (PLA2) released by the hydrolysis of phospholipids. Once TAGs production is
done, layers of phospholipids and protein steroleosins, oleosins and caleosins will surround these TAGs
to form structures referred to as oil bodies [4, 81]. Oil accumulation in seeds is usually related with
an increase in the number of oil bodies [3].

3.2.4 FA catabolism

The major pathway of FA catabolism is the beta-oxidation pathway (illustrated in Figure 5) and it
encompasses the acyl-CoA oxidase (ACX), ketoacyl-CoA thiolase (KAT) and multifunctional protein
(MFP2) [6]. The enzyme LACS mediates the initial reactions of FA catabolism by providing the
Acyl-CoA pool for the oxidation [6].

3.2.5 Regulators of FA/TAG biosynthesis

The regulation of fatty acid metabolism and oil biosynthesis is well studied and characterized in
Arabidopsis thaliana. Several orthologs of regulator genes were found in P. volubilis annotation. These
results are described in Table 6.
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A schematic of the dynamic these regulators have is presented in 6 . bZIP67 is reported to have a direct
positive regulation of the omega-3 desaturase FAD3 in A. thaliana [83] and because its overexpression
was associated with a gain-of-function phenotype regarding seed dormancy [84]. WRI1 is often cited
as a "master regulator” in the transcriptional regulation of plant triacylglycerol (TAG) biosynthesis
especially given that A. thaliana loss-of-function mutant (wrif-1) shows an 80 % reduction in seed oil
content [85, 86]. Related to WRI1, FUS3 has been shown to promote FA biosynthesis by regulation of
FA-related genes. LEC1 promotes FA biosynthesis partially through the regulation of WRI1, FUS3,
and ABI3 [86, 87].

TT8 can directly inhibit the transcription of LEC1,LEC2, and FUS3 [86, 88]. TT2 participates the in
inhibition of fatty acid (FA) biosynthesis in the seed embryo by directly binding to the promoter of
FUS3 [89, 90]. TTG1, together with TT2 and TT8, coordinates carbon partitioning driving the flux
of carbon into the synthetic pathways of seed coat mucilage and flavonoid pigments, which compete
with oil for photosynthates [86, 91]. In particular, TTG1 binds to the GL2 locus downregulating GL2
which is related to carbon allocation to seed coat mucilage [86].

BPM1 interacts with WRI1 mediating its destabilization and degradation via the 26S proteasome
[92, 93]. A model suggests that BPM1 competes with 14-3-3 proteins for binding with WRI1. These
proteins are related to protein stabilization and activity enhancement of WRI1. Overexpression of
14-3-3 proteins in Nicotiana benthamiana leaves leads to increased oil biosynthesis [94].

Mediator complex MED15 physically interacts with WRI1 to form MED15/WRI1 complex, which in
turn transcriptionally upregulates WRI1 target genes [95]. However, it is also suggested that MED15
may interact with transcriptional regulators other than WRI1 to regulate the gene expression of WRI1
targets [95].
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KIN10 has been shown to phosphorylate WRIL, leading to WRI1 degradation [92, 96]. The site in
WRI1 where phosphorylation occurs is adjacent to the 14-3-3/BPM1 overlapping motif model sug-
gesting a relationship between the two regulatory mechanisms involving proteasome-mediated protein
degradation [92, 96]. T6P (Trehalose 6-phosphate) was found to increase WRI1 stabilization and
increase fatty acids generation via suppression of KIN10 activity [92, 97].

SPT promotes FA accumulation through upregulation of FA synthesis genes during seed development
while inhibiting the expression of seed storage protein (SSP) genes [90, 98].

SHN1 upregulates the expression of numerous genes involved in de novo fatty acid synthesis, wax
accumulation, and oil production [86, 99].

WRKY6, a WRKY family transcription factor, was recently demonstrated to regulate seed oil content
and FA compositions, suppressing the expression of genes that are involved in FA biosynthesis and
modification during seed development [90]. Mutation of this gene increased FA content and C18:3
proportion in seeds of A. thaliana [90].

DREB2C, a TF related to response to abiotic stresses, emerged to promote 18:3 production. When
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transformed into A. thaliana DREB2C could upregulate FAD3, FAD7, and FADS [86, 100].
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Figure 6. Dynamics of A. thaliana regulators of FA and TAG biosynthesis. Molecular upregulation or downregulation
refers to interactions at the protein level that not necessarily affect the transcript levels of the target protein. The Boxes
representing the regulators are colored depending in the coexpression module they were found. Dotted lines represent
indirect regulation.
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Table 5. Summary of enzymes involved in ALA metabolism identified by the annotation of the Sacha Inchi transcriptome

Pyruvate metabolism related genes

Enzyme abreviation

Full name

Number of putative genes

a-PDHC Pyruvate dehydrogenase o subunit 4
B-PDHC Pyruvate dehydrogenase 8 subunit 3
LPD Dihydrolipoamide dehydrogenase 3
DHLAT Dihydrolipoamide acetyltransferase 6
PEPC Phosphoenolpyruvate carboxykinase 3
PPC Phosphoenolpyruvate carboxylase 4
PK Pyruvate kinase 8
FA biosynthesis related genes

ACC Acetyl-CoA carboxylase 8
MCMT Malonyl-CoA ACP Malonyltransferase 1
KASIIT Ketoacyl-ACP synthase 111 2
KAR Ketoacyl-ACP reductase 8
HAD Hidrocyacyl-ACP dehydrase 1
EAR Enoyl-ACP reductase 4
KASI Ketoacyl-ACP synthase 1 3
KASIT Ketoacyl-ACP synthase 11 3
FATB Acyl-ACP thioesterase B 7
SAD-ACP Stearoyl-ACP desaturase 5
FATA Acyl-ACP thioesterase A 1
LACS Long-chain acyl-CoA synthetase 12
FAD2/6 Fatty acid desaturase 2/6 3
FAD3/7/8 Fatty acid desaturase 3/7/8 3
TAG biosynthesis related genes

GPDH Glycerol-3-phosphate dehydrogenase 5
GPAT Glycerol-3-Phosphate Acyltransferase 14
LPAAT Lysophosphatidic acid Acyltransferase 8
PP Phosphatidate Phosphatase 7
DGAT Diacylglycerol O-Acyltransferase 13
PDAT Phospholipid:Diacylglycerol Acyltransferase 4
DAG-CPT CDP-choline-diacylglycerol cholinephosphotransferase 2
PLC Phospholipase C 6
CK Choline Kinase 2
CCT Choline-Phosphate Cytidylyltransferase 1
PLA2 Phospholipase A2 3
LPCAT 1-Acylglycerol-3-Phosphocholine Acyltransferase 5
OLE Oleosin 10
FA catabolism related genes

MFP2 Multifunctional protein 4
ACX Acyl-CoA oxidase 5
ACDM Acyl-CoA dehydrogenase 1
KAT 3-ketoacyl-CoA thiolase 4

Table 6. Summary of putative regulators of FA and TAG biosynthesis found in Sacha inchi’s annotation.

TF oil metabolism related genes

Enzyme abreviation

Long name

Number of putative genes

14-3-3
bZIP67
ABI3
BPM1
DREB2C

14-3-3
BASIC LEUCINE ZIPPER 67
ABSCISIC ACID INSENSITIVE 3
E3 ligase adaptor BTB/POZMATH 1
Dehydration-responsive element-binding 2C
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FUS3 FUSCA3 1
GL2 GLABRA 2 1
KIN10 SNF1 KINASE HOMOLOG 10 2
LEC1 LEAFY COTYLEDON 1 2
MED15 MEDIATOR 15 1
SHN1 SHINE 1 2
SPT SPATULA 1
TT2 TRANSPARENT TESTA 2 1
TTS8 TRANSPARENT TESTA 8 1
TTG1 TRANSPARENT TESTA GLABRA 1 1
WRI1 WRINKLED1 1
WRKY6 WRKY6 4

3.3 Transcriptome analysis

3.4 Cross library comparison

When comparing the similarities between proprietary and publicly available RNA-seq data from P.
volubilis, in a PCA (Figure 7), we found different ” Transcriptional states”. These states correlate
with the tissues and the time the samples were collected. Our principal motivation with this analysis
was to check which of our samples was more or less correlated with interesting libraries (regarding
ALA biosynthesis in developing seeds) from other transcriptome studies, that in some cases, had
more reliable metadata. From this analysis we were able to identify 3 transcriptional states (Figure
7): 7 Other-tissues”, "Early-seed” and ”Late-seed”. Tissues different from seed clustered together,
including our leaf and flower tissue samples, as expected (Figure 7). This sample cluster is classified
as " Other-tissues”, as they weren’t of particular interest.

In the ”Early-seed” cluster, libraries of seed tissue at stages SI-1 to SI-4 from [4]. Seeds from the SI-5
stage recorded the highest level of ALA and other fatty acids from that study [4]. These libraries
clustered closely (almost all of the red points in the far left section in Figure 7), indicating low
transcriptional variability in the 0-10 DAP (Days after pollination) to 80-110 DAP that they span.
All of our E2 libraries clustered together close to those points, indicating that our E2 libraries are
probably from an ”Early-seed” state before the seed starts accumulating high amounts of ALA and
other FAs.

In the ”Late-seed” cluster, we find that most of our seed tissue libraries (E3 to E5) clustered together
with high similarity (far right triangle points in the green cluster Figure 7). Our E3 to E5 libraries are
closest to late-seed tissue from publicly available data, in particular to the late seed tissue (60 DAP)
from [6] and the SI-5 stage from [4], which presented the highest level of ALA and other fatty acids
from their study. This suggests that our E3, E4, and E5 stages probably correspond to a late seed
tissue where the highest oil accumulation occurs. This cluster has a higher variation that may be due
to differences in P. wvolubilis strains between the samples, or environmental factors from the location
the samples were collected (Colombia versus China [4, 6]). Hence, the most informative comparison
to make for differentially expressed genes (DEGs) for our samples is E2 against any of the E3, E4, or
E5 stages.

When looking at the first principal component of the PCA (Figure 7) we find that the ”Early-seed”
and ”Other-tissues” cluster in the left side of the PC1 component. Although with higher variability,
the "Late-seed” cluster tends to the right side of PC1. This suggests that PC1 captures the variability
in the transcriptional state transition from primary metabolism to a transcriptional state where the
high production of ALA and other FAs occurs. ”Early-seed” states are more similar to leaves, stem,
flower, and other tissues than ”Late-seed” states.
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Figure 7. Principal Component Analysis (PCA) of the log2 DESeq2 normalized counts of the 55 libraries used for
transcriptome analysis in this work. Circle points correspond to external RNA-seq data, mainly from China. Triangles
denote our RN A-seq libraries. In Red and Green libraries are represented the ”Early-seed” and ” Late-seed” tissue/state,
respectively. In blue are represented tissues other than seed. A detailed description of the libraries is given in the Table
S6.

3.5 Differential expression results

When analyzing the results of the differential expression analysis, we found considerable variability
in the expression changes across the copies of the same genes (e.g one PK copy is upregulated while
another copy is downregulated), which made the analysis more complicated. It is also important to
highlight that we ran a differential expression analysis with Liu et. al. data (in this section ” Liu et.
al.” refers to this study: [4]) with a different method than the one they used. They used RPKM as
a normalizing count method while we used DESeq2, which uses the median of ratios method [66], a
more robust metric when comparing different RNA-seq libraries from several studies.

Confirming the results of the PCA analysis (Figure 7), we found that most of the differentially expressed
genes were detected when comparing the E2 seed stage with any of the other seed stages (E3, E4, E5).
See Table S2.

3.5.1 Acetyl-CoA production

The LPD subunit of PDHC was upregulated in the late-seed stage while the other subunits presented
variable changes or downregulation. PK was mostly downregulated across late-seed stages. PEPC and
PPC show variable changes in our libraries. In contrast, PPC shows consistent upregulation in the
SI-5 stage in the Liu et. al. data , suggesting some upregulation in the protein biosynthesis pathway.
Overall, in our libraries, the production of acetyl-CoA is reduced in the late-seed stage, which may
indicate a limitation in the carbon flux toward FA biosynthesis in mature seeds.

3.5.2 ALA biosynthesis

ACC subunit copies presented variable expression changes. Some subunits reported significant up-
regulation between early and late-seed stages while others the contrary. MCMT, HAD, KASII, and

15



FATA showed significant upregulation in the late-seed stage in our data. Which is coherent with the
previous report [4]. KAR and EAR presented variable fold changes, with some genes being upregulated
while others being downregulated. FATB did not show any changes in our libraries, but one copy was
downregulated in early stages in Liu et. al. data (between the SI-2 and SI-3). KASI only presented
upregulation in Liu et. al. data . SAD-ACP showed upregulation in the E2 versus E3 stages, although
it was downregulated in the E4 to E5 stages. In Liu et. al. data SAC-ACP also presented upregulation
in the SI-5 stage, consistent with their results.

Most of the FAD2/6 copies were significantly downregulated (one of those by more than 200 fold,
in our data and in Liu et. al. data ), directly inconsistent with the previously reported result [4],
were FAD2 was upregulated in the SI-5 stage. In an older study, FAD2 also presented upregulation
[3]. This inconsistencies may be due to the lack of replicates (only in [3]) or by the use of RPKM
normalizing method. Other factor behind this inconsistency may be the use of a genome-guided
transcriptome analysis. Further analysis of the expression this gene presents trough seed development
are recommended.

Just one of the three FAD3 copies was significantly upregulated, in Liu et. al. data and our libraries
(up to 32 fold upregulation). FAD3 was also found upregulated in late-seed stages [3, 4], Consistent
with the high content of ALA in Sacha inchi’s seeds. LACS reported variable fold changes, with most
of the genes significantly upregulated, which suggests high activity in the regeneration of the acyl-CoA
pool, partially consistent with [4] report.

3.5.3 TAG biosynthesis

GPDH shows significant upregulation both in the SI-5 stage and in the late-seed stages of our data.
GPAT copies show general downregulation in the late-seed stages. In Liu et. al. data LPAAT copies
show no change or upregulation in the SI-5 stage, while variable fold changes across copies were detected
in our data. Most of the PP copies were downregulated in the late-seed stages in our data. Slight
upregulation in the SI-5 stage was detected in the Liu et. al. data . DGAT copies presented variable
fold changes in the late seed stages both in our and Liu et. al. data . PLC, CK, and CCT were
mostly downregulated in the late-seed stages in both our and Liu et. al. data . Slight upregulation
was detected in the SI-3 and SI-4 stages. OLE presented significant upregulation in practically all of
his copies in the late-seed stage, consistent with their role of packaging TAGs and with the results of
previous reports [4].

Overall, the transcriptional changes of this pathway present high variability. This may suggest that
other regulatory mechanisms that act outside the transcriptome (and hence beyond the dynamics this
study could reveal) may be in place to stimulate the production of TAGs. We know the production of
TAGs is active, given the high oil content of late-stage seeds and the significant upregulation of OLEs.

3.5.4 FA catabolism

MFP2 show significant upregulation in the SI-5 stage of the Liu et. al. data (up to ca. 2 fold
upregulation), while in our data, just one of the copies presents downregulation. All of the ACX copies
show significant upregulation in the late-seed stages (up to ca. 10 fold upregulation), this was observed
both in our data and in the Liu et. al. data . KAT also presented upregulation in our data and in
Liu et. al. libraries (up to ca. 10 upregulation). Overall this suggests that regulation of FAs is active
in the high oil content stage of the seed. This is apparently contradictory: the catabolism of FAs
being particularly active despite having the highest amount of FAs at this stage. Perhaps other factors
come into play to explain why this activity is not phenotypically translated. Other explanation is an
balanced catabolism which is activated but the anabolism is so much higher that it cannot compete.
However this is less likely since usually when catabolism is on, anabolism is turned off and vice versa.
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3.5.5 Regulators of FA/TAG biosynthesis

Some of the expression changes detected for ortholog regulators will be covered in this section. The
rest will be covered in the ”Co-expression network analysis” as synergistic effects detected in the
co-expression modules made more sense to describe them there.

ABI3 was the regulator with the highest upregulation fold-change in the late-seed stage of all the
regulators analyzed in this work. It was also significantly upregulated in the SI-4 stage of the Liu
et. al. data [4] which may suggest a role before the late seed stage. LECI can act as a positive
regulator upstream of ABI3 and FUS3 in control of seed maturation and possibly in the regulation of
FA metabolism [101]. This is consistent with LEC1 and FUS3 being also upregulated in the late-seed
stage.

TT8 and TTG1 were downregulated in the late-seed stages, which is consistent with the upregulation
of LEC1 and FUS3 (targets of TT8 and TTG1 transcriptional downregulation [86, 88, 91]) in the same
stage. One of the 14-3-3 protein copies was downregulated in the late seed stage. 14-3-3 proteins have
roles stabilizing WRIL protein structure [94]. This might suggest that, in the late stage of the seed,
degradation of WRI1 is promoted. MED15 might be interacting with WRI1 as both are upregulated
in the late-seed stage.

SPT is upregulated in the late-seed stages and the SI-4 stage of the Liu et. al. libraries [4]. Given its
role of inhibition of seed storage protein(SSPs) genes [98], it is suggested that SPT is redirecting the
carbon flux in the seed development towards FA biosynthesis which is consistent with the stage were
most of the FA and TAG accumulation occrus in P. volubilis

3.6 Co-expression network analysis

A total of 18769 genes that passed the filters of minimum counts and variance were used to construct
the weighted gene co-expression network resulting in the detection of 25 co-expression modules (Table
S7). To select which modules were of special interest the following criteria were used: 1. The number
of FA and TAG related genes in the modules and 2. Enriched GO terms related to FA and TAG pro-
duction, in particular lipid biosynthetic process (G0O:0008610), fatty acid biosynthetic process
(G0:0006633) and chloroplast (GO:0009507). The criteria helped to identify three modules of special
interest: Cyan, Blue, and Turquoise each one containing 843, 4373, and 2834 total genes respectively,
FA and TAG related genes were 21, 32, and 30 respectively. The Cyan module was enriched for GO
including lipid biosynthetic process, lipid transport and carbohydrate metabolic process
(Table S3). The Blue module was enriched for chloroplast, lipid storage and and unsaturated
fatty acid biosynthetic process (Table S4). The Turquoise module was enriched for chloroplast,
lipid biosynthetic process (Table S5).

From each module of the network, the top Hub genes, which represent the most connected genes in
each module, were analyzed to search for potential regulators related to FA and TAG production in
each module.

3.6.1 Cyan module

The genes found in the Cyan module are summarized in Table S8. One of the most interesting findings
in this module is the grouping of 4 important regulators of oil biosynthesis in A. thaliana: bZIP67,
LEC1, FUS3, and WRI1, finding them in a single module indicates they are transcriptionally related.
All of these genes, excepting LEC1, presented significant upregulation in late-seed stages. This is
consistent with the reported interaction of these regulators in A. thaliana [86, 90]. Of special interest
is WRIL, since it has been modified to improve oil production in Camelina sativa [102], Nicotiana
benthamiana [103] , Zea mays [104], A. thaliana [105], Lepidium campestre [106] and Jatropha curcas
[107]. The effects of WRIL overexpression on fatty acid composition are heterogeneous and possibly
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species-dependent [106]. In some of these modifications, increases in the production of C18:3 fatty acids
have been reported [102, 103] while in others the composition is not affected [104]. In the Jatropha
curcas study (also from the Fuphorbiaceae family), no changes in the composition of C18:3 in seeds
were analyzed [107]. Although they do report an increase in C18:1 and a reduction in C18:2, which
may also suggest reductions in the C18:3 ratio. Overall this suggests that overexpression of WRI1
in P. volubilis would increase total seed oil content, but the composition of FAs may be altered. A
FAD3/7/8 copy was also found in the cyan module and it was significantly upregulated in the late-seed
stages. This is in line with the model where LEC1 induces FUS3 which then, either independently or
cooperatively with LEC1, triggers the induction of bZIP67 which promotes the expression of FAD3,
regulating the content of ALA in the developing seed [83].

GL2 was also found in the cyan module and significantly down-regulated in the late-seed stage. This
is in line with previous reports were downregulation of GL2 via TTG1 was related to changes in seed
oil accumulation by reducing the carbon flux to seed coat mucilage and flavonoid pigments, which
compete with oil for photosynthates [86, 91]. TTG1 was also downregulated, which suggests that
other mechanisms could be behind the downregulation of GL2.

No genes in the FA catabolism pathway were found in this module, just acetyl-CoA production, FA
biosynthesis, and TAG biosynthesis. All of the genes presented either no change or upregulation in
the late-seed stages. This is coherent with the upregulation of the putative ortholog regulators in this
same module.

When looking at the Hub genes of the cyan module, 3 out of the top 10 hub genes of the module were
of special interest given their supported relationship with FAs or TAG biosynthesis in other studies.
One of the genes was the FAD3/7/8 copy (gene id: PVL00010686), which suggests that this gene is of
great importance in the module and that it undergoes considerable regulation. The second gene (gene
id: PVL00044451) is functionally annotated as a "brodomain containing protein 9”, and it presented
significant upregulation in the late-seed stages of the Liu et. al. data. This gene is homologous to a TF
identified in the unicellular red alga Cyanidioschyzon merolae BRD1 (” Brodomain-containing protein”
id: CMK212C), which was found to be important in the TAG accumulation in Cyanidioschyzon merolae
[108]. The proposed pathway for this regulation is via upregulation of LPAT1 (the equivalent to LPAAT
in our case) [108]. No LPAAT copies were found in the cyan module, which suggests that PVL00044451
may have a different mechanism in P. volubilis than the reported in C. merolae. The third gene (gene
id: PVL00034290) was also upregulated in the late-seed stages of both the Liu et. al. data and our
libraries. PVL00034290 is an A. thaliana ortholog of ” Triacylglycerol lipase 27 (LIP2). This ortholog
may be related to TAG catabolism and mobilizes stored lipids (possibly TAG) into free fatty acids
that are necessary for growth and development [109]. Lipases can have important roles in determining
the TAG content and fatty acid composition during seed development [110].

3.6.2 Blue module

The genes found in the Blue module are described in Table S9. In the blue module, four ortholog
regulators were found: BPM1, KIN10, WRKY6, and DREB2C. All of these presented upregulation in
the late-seed stages either in our data or the Liu et. al. data. BPM1 and KIN10 act as suppressors of
WRI1 activity by promoting its degradation [92, 93, 96]. This suggests that BPM1 and KIN10 regulate
WRI1 activity in the late-seed stages of P. volubilis. Similar observations may arise from WRKY®6,
which in A. thaliana regulates the expression of genes such as FAD2, FAD3, FUS3, and ABI3 [90].
DREB2C upregulation could be related to the regulation of FAD3/7/8.

It is worth noting that most of the OLE genes and many TAG biosynthesis genes were found in this
module. Genes such as PDAT, DGAT, and LPAAT (particularly important for TAG biosynthesis)
were mostly upregulated in the late-seed stages in this module.

One of the hub genes in this module (gene id: PVL00027076) was annotated as a "Heat shock tran-
scription factor”. In C. merolae a Heat shock TF (CML277C) was found to be important in the
regulation of TAG biosynthesis via LPAT1 (LPAAT in this work) [108]. LPAAT is found upregulated
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in this module which may be related to PVL00027076. Heat shock TF regulate TAG biosynthesis as
the fatty acid composition of the cell membranes is an important factor for plants to adapt to heat
stress [108].

3.6.3 Turquoise module

The genes found in the Turquoise module are described in Table S10. Two hub genes in this module
were found to be related with FA catabolism. The first one (gene id: PVL00027001) is annotated as
a "Enoyl-CoA hydratase/isomerase”, which is related to fatty acid catabolism [111]. PVL00027001
is downregulated in late-seed stages. This pattern may be important for the accumulation of TAG
during seed development in P. volubilis. The second gene (gene id: PVL00000344) is annotated as a
"monoacylglycerol lipase”, which is related to TAG degradation [112]. This gene was upregulated in
the late-seed stage. This module is the one with the most FA catabolism genes, which is also consistent
with two of their Hub genes being related to FA or TAG catabolism.

4 Conclusions

In this work, we continued and expanded previous efforts to understand Plukenetia volubilis genome
and its oil biosynthesis.

The first high-quality gene annotation for the species is reported. This includes a total of 47531
functionally annotated genes with high completeness (93.12 %). Annotations are important for under-
standing the role of particular genes in a non-model species, the evolutionary history of the species,
and its particular features. It also opens the door for devising ways to edit the species genome, either
for research or commercial applications.

Although the annotation is complete for P. volubilis, we found a high number of genes compared to
other species in the family. A contributing factor to this is the high heterozygosity this species has,
which was not entirely resolved during the assembly of the genome.

The reported gene numbers related to ACC and PEPC, and the oil/protein composition of P. volubilis
seeds are in line with the hypothesis that the ACC/PEPC gene number ratio may influence the total
oil proportion in plant seeds [81].

Including published RNA-seq data for P. volubilis seeds across many development stages and other
tissues, made it possible for us to differentiate differentiate transcriptional states on a temporal and a
per-tissue basis. We also were able to correlate the transcriptional states of our seed libraries with the
reported seed stages of other studies given their well-curated metadata regarding oil accumulation in
the seed. This allowed us to contrast and strengthen our results, especially regarding the differential
expression analyses.

The overall results from the differential expression analysis are considerably variable, even within the
same gene families. Some of the clearest findings are the significant upregulation of almost all the OLE
genes in the late-seed stage, which are related to TAG accumulation. Another finding is the general
upregulation of the FA catabolism pathway in the late-seed stages, suggesting that FA catabolism is
active even though the accumulation of FAs and TAGs is in process at the same stage. Some detected
inconsistencies with previous transcriptome studies may arise from the different approaches to make
the analysis presented in this work.

Building a co-expression network, we found three co-expression modules (Cyan, Blue, and Turquoise) of
particular interest regarding FA and TAG biosynthesis, which group highly connected and correlated
genes. The Cyan module grouped important ortholog regulators of FA and TAG biosyntheses like
WRI1, FUS3, and LEC1. WRI1 is a common target gene for increasing oil production in plants. The
blue module grouped suppressors of WRI1 activity, and it was mainly related to TAG biosynthesis.
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The turquoise module had two highly connected genes that were related to FA and TAG catabolism,
and it was the module with the most FA catabolism-related genes. These regulators may serve as
targets for genetic modification in P. volubilis as they can help to understand further the dynamics
behind the high PUFA content in P. volubilis, or as candidates for genetic enhancement of this crop.

We present a high-quality genome annotation for Sacha Inchi’s genome, which provides a foundation for
future studies on the pathways behind features of interest this crop (be it FA and TAG accumulation
or others) and the evolutionary history of P. volubilis, and related species. Further research is needed
to investigate the regulator genes identified in this work and the in vivo mechanisms of their influence
in FA and TAG pathways. As this regulators are potential targets for genetic improvement of P.
volubilis. The insights learned here can also help in the metabolic engineering of desirable traits in
other plants.
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1 Methodology related
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Figure 1. Gene prediction and Genome annotation schematic of pipeline. In orange boxes software is represented, in
dark blue boxes is the base data used to make homology searches. In green boxes are the results of the pipeline.



2 Annotation related

Table 1. Cross species comparison of ACC and PEPC genes with seed oil and protein content. Gene numbers were
taken from [1]. Seed oil and protein content were taken from the respective references. P. volubilis data comes form this

work.
Species ACC genes | PEPC genes | Oil content | Protein content | Reference
Vernicia fordii 9 3 60% 5% 1]
Jatropha curcas 6 4 27% 32% 2]
Ricinus communis 6 7 36% 25% (3]
Arabidopsis thaliana 4 3 30% 30% [4]
Sesamum indicum 6 4 49% 23% [5]
Glycine maz 10 16 20% 40% [1]
Plukenetia volubilis 8 3 50% 27% -
70.00
V. fordii
60.00 L
S. indicum
g 40.00 R. communis
= o f(x) = 13/30 x + 16.24
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Figure 2. ACC/PEPC ratio vs seed Oil content (%)

3 Differential expression analysis

Table 2. Number of differentially expressed genes between seed stages. Most of the change is detected between E2 and

E3 or E4 or E5. .

E2 E3 E4 E5
E2 - 10463 | 11091 | 12581
E3 | 10463 - 245 3200
E4 | 11091 | 245 - 3144
E5 | 12581 | 3200 | 3144 -




4 Co-expression network analysis
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Figure 3. Scale-free fitindex (y-axis) as a function of the soft-thresholding power (x-axis). In this work a power 12,
which is c.a the lowest power for which the scale-free topology fitindex curve flattens out upon reaching a high value.
This was done following recomendations from [6]

Table 3. Cyan module GO enrichment analysis result from topGO, table was filtered to show interest GO terms.

GO.ID Term Annotated | Significant | Expected | elimFisher | GO_type
G0O:0034219 carbohydrate 31 6 0.48 6.8E-06 BP
transmembrane transport
G0:0006629 lipid metabolic process 1148 58 17.63 2.4F-05 BP
G0:0002933 lipid hydroxylation 6 3 0.09 TE-05 BP
G0:0008610 lipid biosynthetic process 574 25 8.81 0.00022 BP
GO:0005975 | carbohydrate metabolic process 1083 41 16.63 0.00041 BP
G0O:0006869 lipid transport 146 9 2.24 0.00045 BP
G0:0008289 lipid binding 361 19 5.67 0.00025 MF
Table 4. Blue module GO enrichment analysis result from topGO, table was filtered to show interest GO terms.
GO.ID Term Annotated | Significant | Expected | elimFisher | GO_type
G0O:0009507 chloroplast 985 203 137.87 3.9E-07 CC
G0O:0009706 chloroplast inner membrane 39 17 5.46 6.8E-06 CC
GO0:0005758 | mitochondrial intermembrane space 12 8 1.68 4.3E-05 cC
GO0:0019915 lipid storage 18 8 1.50 4.7e-05 BP
G0O:0006636 UFA biosynthetic proccess 10 4 0.83 0.00674 BP
Table 5. Turquoise module GO enrichment analysis result from topGO, table was filtered to show interest GO terms.
GO.ID Term Annotated | Significant | Expected | elimFisher | GO_type
GO0:0005975 | carbohydrate metabolic process 1083 153 59.46 1.7E-10 BP
G0O:0008610 lipid biosynthetic process 574 97 31.52 8.8E-08 BP
G0O:0009507 chloroplast 985 126 81.99 0.00051 CC
G0O:0009941 chloroplast envelope 192 27 15.98 0.00496 CC
G0O:0009570 chloroplast stroma 185 26 15.4 0.0058 CC




Table 6. Tissue/stage of all the RNA-seq libraries in this study. For our libraries and the libraries from [7] a DAP(Days
after pollination) temporal assignation for the samples was not found. The assigned PCA cluster is specified. It is worth
to mention that the 60 DAP seed libraries form [8] and the >120 DAP seeds from [9] were quite similar(the green circles
in the close to the midle part of PC1 in Figure ) even though they differ by a factor of two in DAP, this suggests that
the seeds from [9] had a longer seed development than the seeds from [8], this may be due to strain differences.

Tissue/Stage Stage PCA cluster | Reference
Seed 5-10 DAP Red [10]
Seed(SI-1) 0-10 DAP Red [9]
Seed(SI-1) 0-10 DAP Red [9]
Seed(SI-1) 0-10 DAP Red (9]
Seed(SI-2) 20-40 DAP Red 9]
Seed(SI-2) 20-40 DAP Red 9]
Seed(SI-2) 20-40 DAP Red [9]
Seed(SI-3) 50-70 DAP Red [9]
Seed(SI-3) 50-70 DAP Red [9]
Seed(SL-3) 50-70 DAP Red [9]
Seed(SI-4) 80-110 DAP Red 9]
Seed(SI-4) 80-110 DAP Red [9]
Seed(SI-4) 80-110 DAP Red [9]
Seed(E2) - Red Our data
Seed(E2) - Red Our data
Seed(E2) - Red Our data
Seed 60 DAP Green 8]
Seed 60 DAP Green 8]
Seed 60 DAP Green 8]
Seed(SI-5) >120 DAP Green [9]
Seed(SI-5) >120 DAP Green 9]
Seed(SI-5) >120 DAP Green 9]
Seed(E3) - Green Our data
Seed(E3) - Green Our data
Seed(E4) - Green Our data
Seed(E4) - Green Our data
Seed(E4) - Green Our data
Seed(E5) - Green Our data
Seed(E5) - Green Our data
Seed(E5) - Green Our data
Female Flower 60 DAP Blue 8]
Female Flower 60 DAP Blue 8]
Female Flower 60 DAP Blue 8]
Female inflorescence bud - Blue [7]
Fruit 60 DAP Blue 8]
Fruit 60 DAP Blue 8]
Fruit 60 DAP Blue 8]
Leaves 60 DAP Blue 8]
Leaves 60 DAP Blue 8]
Leaves 60 DAP Blue 8]
Male Flower 60 DAP Blue 8]
Male Flower 60 DAP Blue 8]
Male Flower 60 DAP Blue 8]
Male inflorescence bud - Blue [7]
Root 60 DAP Blue 8]
Root 60 DAP Blue 8]
Root 60 DAP Blue 8]
Shoot apex 60 DAP Blue 8]
Shoot apex 60 DAP Blue 8]
Shoot apex 60 DAP Blue 8]
Stem 60 DAP Blue 8]




Stem 60 DAP Blue 8]

Stem 60 DAP Blue 8]
Flowers(PF) - Blue Our data
Leaves(PH) - Blue Our data

Table 7. Total genes and interest genes per module. "FA genes” refers to FA and TAG biosynthesis related genes.
Regulator genes correspond to ortholog regulators found in the modules.

Module Genes | FA genes | Regulator genes
blue 4373 32 6
cyan 843 21 )
turquoise 2834 30 2
darkgreen 233 1 2
darkolivegreen 327 0 2
greenyellow 2626 22 1
mediumpurple3 504 2 1
darkgrey 401 0 1
darkred 508 0 1
yellowgreen 1114 10 0
lightgreen 286 5 0
pink 1192 5 0
red 799 4 0
green 914 3 0
lightyellow 280 3 0
white 176 3 0
darkorange 252 2 0
skyblue 158 2 0
violet 382 2 0
paleturquoise 133 1 0
siennad 108 1 0
darkmagenta 113 0 0
lightcyanl 38 0 0
lightsteelbluel 40 0 0
steelblue 135 0 0

Table 8. Summary of genes found in the ”cyan” coexpression module.

Gene Type Counts
KASII FA gene 2
LACS FA gene 2
PK FA gene 2
KASI FA gene 1
DGAT FA gene 1
DHLAT FA gene 1
FATB FA gene 1
GDPH FA gene 1
KAR FA gene 1
LPCAT FA gene 1
PDAT FA gene 1
ACC FA gene 1
b-PDHC FA gene 1
DAG-CPT | FA gene 1
FAD3/7/8 | FA gene 1
FATA FA gene 1
LPD FA gene 1
PP FA gene 1




bZIP67 Regulator 1
FUS3 Regulator 1
GL2 Regulator 1
LEC1 Regulator 1
WRI1 Regulator 1

Table 9. Summary of genes found in the ”blue” coexpression module.

Gene Type Counts
OLE FA gene 6
LPAAT FA gene 4
LACS FA gene 3
DGAT FA gene 2
FATB FA gene 2
KAR FA gene 2
PLA2 FA gene 2
PPC FA gene 2
DHLAT FA gene 1
GDPH FA gene 1
LPCAT FA gene 1
PDAT FA gene 1
CCT FA gene 1
KAT FA gene 1
PEPC FA gene 1
PLC FA gene 1
DREB2C | Regulator 2
WRKY6 | Regulator 2
BPM1 Regulator 1
KIN10 Regulator 1

Table 10. Summary of genes found in the ”turquoise” coexpression module.

Gene Type Counts
PK FA gene 3
LACS FA _gene 2
DGAT FA _gene 2
FATB FA _gene 2
SAD-ACP | FA_gene 2
GPAT FA _gene 2
MFP2 FA _gene 2
FAD2/6 FA _gene 2
a-PDHC FA _gene 2
LPAAT FA _gene 1
KAR FA _gene 1
DHLAT FA _gene 1
GDPH FA _gene 1
LPCAT FA _gene 1
KAT FA _gene 1
KASII FA _gene 1
FAD3/7/8 | FA_gene 1
ACX FA _gene 1
ACDM FA _gene 1
CK FA _gene 1
WRKY6 Regulator 1
SHN1 Regulator 1
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