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SUMMARY

Efficient approaches to increase plant lipid production are necessary to meet current industrial demands for

this important resource. While Jatropha curcas cell culture can be used for in vitro lipid production, scaling

up the system for industrial applications requires an understanding of how growth conditions affect lipid

metabolism and yield. Here we present a bottom-up metabolic reconstruction of J. curcas supported with

labeling experiments and biomass characterization under three growth conditions. We show that the meta-

bolic model can accurately predict growth and distribution of fluxes in cell cultures and use these findings

to pinpoint energy expenditures that affect lipid biosynthesis and metabolism. In addition, by using con-

straint-based modeling approaches we identify network reactions whose joint manipulation optimizes lipid

production. The proposed model and computational analyses provide a stepping stone for future rational

optimization of other agronomically relevant traits in J. curcas.

Keywords: Jatropha curcas, lipid biosynthesis and metabolism, metabolic reconstruction, constrained-

based analysis, cell cultures, metabolic engineering.

INTRODUCTION

Plant lipids provide essential fatty acids (FA) in the human

diet and constitute a biofuel source and an alternative

feedstock for the chemical industry, with their levels of

production projected to double by 2040 (Bates et al., 2013;

Fonseca et al., 2016). Jatropha curcas, a plant from the

family Euphorbiaceae, has an untapped potential to meet

the increasing demand for plant lipids (Akintayo, 2004;

Maes et al., 2009). Although tremendous progress has

been achieved in domestication and breeding of J. curcas,

establishment of this plant as a competitive crop remains

elusive (Montes and Melchinger, 2016). An in vitro lipid

production system based on J. curcas cell cultures can har-

ness the benefits of this plant (US Patent 7 772 002 B1, 10

August 2010 and US Divisional Patent 7 968 338 B1, 28

June 2011); however, maximizing the productivity and effi-

ciency of such a system for industrial applications necessi-

tates understanding the effects of growth conditions on

metabolism and lipid production.

The design of a strategy to manipulate in vitro lipid pro-

duction and composition in J. curcas, and plants in general

is hampered by the incomplete knowledge of lipid meta-

bolic pathways, their regulation and compartmentalization

within a cell, as well as their variation between cell types,

developmental stages and environments (Napier et al.,

2014; Allen et al., 2015). Flux estimation studies have

attempted to bridge this gap by studying the operation

and regulation of lipid metabolism in seed tissues, cell sus-

pension cultures and intact plants from different species,

including soybean (Sriram et al., 2004; Allen et al., 2009),
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maize (Alonso et al., 2010), rapeseed (Schwender and Ohl-

rogge, 2002; Schwender et al., 2004), sunflower (Alonso

et al., 2007a) and Arabidopsis (Bao et al., 2000; Lonien and

Schwender, 2009) under different conditions. These studies

have augmented our understanding of the metabolic fluxes

involved in production of lipid precursors by employing

labeling approaches with stable or radioactive isotopes.

However, determining the reaction pathways which con-

nect particular lipid species to precursors and intermedi-

ates, alternative pathways and their operation and

regulation is far from being fully resolved.

The existing large-scale models of plant metabolism

either focus on central metabolism or consider inclusion of

lipid metabolic pathways based solely on gene annotation

(Nikoloski et al., 2015). Access to a high-quality condition-

specific metabolic network for J. curcas with strong

experimental support would facilitate the identification of

metabolic reaction steps which affect the accumulation of

storage lipids under different in vitro conditions and can

be used in rational optimization of the system for industrial

applications. Here we provide a bottom-up reconstruction

of the metabolic network of J. curcas supported by label-

ing experiments. We used this network to characterize the

distribution of fluxes under three carbon growth scenarios,

and identify potential targets for increasing lipid biosynthe-

sis at little cost to biomass production. It is important to

emphasize that our focus was the metabolic flux analysis

of lipid pathways, thus our study contributes knowledge

about the reactions and pathways which constitute storage

lipid biosynthesis in J. curcas as well as their operation

and relation to the rest of the plant’s metabolism. There-

fore, our computational analysis in combination with

heterogeneous data helped us identify the determinants of

productivity and efficiency of a J. curcas-based in vitro sys-

tem for lipid production.

RESULTS

Reconstruction of the J. curcas metabolic network

We generated a bottom-up reconstruction of the metabolic

model of J. curcas supported by experimental evidence

and with emphasis on resolving lipid pathways via label-

ing. The model consists of 800 reactions and 647 metabo-

lites organized in eight cellular compartments (Figure 1,

Data S1 in the online Supporting Information). In this man-

ually curated reconstruction, we evaluated each reaction

with respect to the J. curcas-specific literature and data-

base (Jatropha Genome Database, http://www.kazusa.or.

jp/jatropha/). We also used information from phylogeneti-

cally related species (e.g. Ricinus communis), model plant

species (e.g. the Aralipid website, specifically built for Ara-

bidopsis thaliana; Li-Beisson et al., 2013) and studies with

heterotrophic plant cells and tissues, as well as the Kyoto

Encyclopedia of Genes and Genomes (KEGG), the enzyme

repository BRENDA and the universal protein database

(UniProt) (see Experimental Procedures). We also ensured

that reactions were mass- and charge-balanced and pro-

vided support for their directionality according to the bio-

chemical data available in the literature. In addition,

diverse bibliomic data were examined to facilitate an up-

to-date and accurate reconstruction and compartmentaliza-

tion for storage and structural FA biosynthetic pathways in

J. curcas. Finally, and most importantly, the findings from

the isotope labeling experiments (ILEs) were also used for

refinement purposes (see Experimental Procedures), a

point which could not be resolved by relying solely on

homology-based gene annotations.

Isotope labeling and refinement of lipid biosynthesis

pathways

To ensure that the network accurately captures the lipid

metabolism of J. curcas cells, we used the data obtained

from ILEs in which we independently supplied glucose and

glycerol as labeled substrates (see Experimental

Figure 1. Scheme of central carbon metabolism and the routes for the for-

mation of the main biomass components (i.e. proteinogenic amino acids,

starch, lipids and cell wall carbohydrates).

The coloured arrows on the top-right indicate the reactions taking place in

the specified growth conditions [sucrose, gSuc; glucose/glycerol, gMix;

glycerol, gGly], the black arrows of the model connecting the metabolites

symbolize the reactions taking place under the three growth scenarios eval-

uated. Key: 3-PG, 3-phosphoglycerate; AcCoA, acetyl-coenzyme A; ADPglc,

ADP-glucose; AKG, alpha-ketoglutarate; Ala, alanine; Arg, arginine; Asn,

asparagine; Asp, aspartate; β-oxid, β-oxidation; CIT, citrate; Cys, cysteine;

CW, cell wall; DAG, diacylglycerol; DHAP, dihydroxyacetone phosphate;

E4P, erythrose-4-phosphate; F6P, fructose-6-phosphate; FAX, fatty acid

export; FDP, fructose diphosphate; Fru, fructose; FUM, fumarate; G6P, glu-

cose-6-phosphate; Glc, glucose; Gln, glutamine; Glu, glutamate; Gly3P, glyc-

erol-3-phosphate; Gly, glycine; GPC, glycerophosphocholine; Glx,

glyoxylate; His, histidine; ICIT, isocitrate; Ile, isoleucine; IM, mitochondrial

intermembrane space; LD, lipid droplet; Leu, leucine; LPA, lysophosphatidic

acid; LPC, lysophosphatidylcholine; Lys, lysine; MAL, malate; Met, methion-

ine; OAA, oxaloacetate; PA, phosphatidic acid; PC, phosphatidylcholine;

PEP, phosphoenolpyruvate; Phe, phenylalanine; PPP, pentose phosphate

pathway; Pro, proline; PYR, pyruvate; PXA1, peroxisomal ABC-transporter;

Ru5P, ribulose-5-phosphate; R5P, ribose-5-phosphate; Ser, serine; SUCC,

succinate; TAG, triacylglycerol; Thr, threonine; TP, trioses phosphate; Trp,

tryptophane; Tyr, tyrosine; Val, valine.
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Procedures). The resulting labeling patterns of the identi-

fied lipid species (Table S1) were in turn employed to eluci-

date and further refine the topology of the lipid

biosynthesis pathways. The labeling patterns of a species

here specify its different isotopic composition, called mass

isotopologue distribution. We also used the data from

these experiments to estimate fluxes of reactions in lipid

metabolism and some reactions in central metabolism.

Different enzymes involved in FA and lipid biosynthesis

have already been identified through genomic and tran-

scriptomic studies (Gu et al., 2012; Sood and Chauhan,

2015; Ma et al., 2017); therefore, it is feasible that there are

several routes for storage lipid formation in Jatropha

seeds. The first route considered in Jatropha cell cultures

for glycerolipid assembly in the endoplasmic reticulum

(ER) was the Kennedy pathway. In the context of plant lipid

biochemistry, the Kennedy pathway describes the direct

production of triacylglycerol (TAG) by the sequential sn-1,

sn-2 and sn-3 acylations of the glycerol-3-phosphate back-

bone. The sn-1 acylation produces lysophosphatidic acid;

this is followed by the sn-2 acylation to give phosphatidic

acid, which in turn is converted to diacylglycerol (DAG) by

the action of phosphatidic acid phosphatase (PAP). Finally,

the sn-3 acylation produces TAG (Stymne and Stobart,

1987; Napier, 2007; Bates et al., 2009). On the other hand,

DAG represents an important branch point between neu-

tral and membrane lipid biosynthesis. This implies that

DAG may be acylated to produce TAG, but also that it can

be converted into phosphatidylcholine (PC) by cytidine

50-diphosphocholine (CDP-choline):1,2-diacyl-sn-glycerol

cholinephosphotransferase (CPT) (Speerling and Heinz,

1993; Sperling et al., 1993; Harwood, 1996; Bates et al.,

2009). The enzyme CPT is expressed in Jatropha seeds at

different developmental stages (Jiang et al., 2012), thus it

was included as a component of the lipid network.

The isotopologue distribution data obtained through the

ILEs was used to calculate the rate of decay of the non-la-

beled fractions of metabolites, necessary for the imple-

mentation of the kinetic flux profiling (KFP) approach (see

Experimental Procedures). When no change (increase or

decrease) is observed in the isotopologue distribution of a

defined metabolite, we considered it as an indication that

the metabolic pool is not active at the time when the

ILE took place. In contrast, when a decay is observed in the

non-labeled fraction (m + 0) of a metabolite, with a con-

comitant increase of the other isotopologues (m + 1,

m + 2, m + 3, etc.), we assumed that the pool is active.

When the isotopologue distribution data for all the lipid

species identified in Jatropha cell samples were analyzed,

we observed that some lipid pools were inactive for the

entire time span of the ILEs (Table S1).

After the analysis of the obtained mass isotopologue

distributions, we observed that many DAG species were

not labeled, although label was incorporated in almost all

PC and in most TAG species. This implies that TAG species

could be derived from non-labeled DAG by attaching a

labeled FA to the sn-3 position of the glycerol backbone.

However, the content of DAG species was several orders

of magnitude smaller than that of TAG species. If unla-

beled DAG pools were used as a sole precursor of TAG

species, they would be depleted in the course of the ILEs.

However, unlabeled DAG species were detected at every

measured time point and their content remained almost

invariant over the time interval measured. This indicated

that not all DAG pools were very likely to be used as sub-

strates for TAG synthesis and that their de novo synthesis

did not occur during the ILEs. Therefore, we concluded that

the Kennedy pathway is not the only route for TAG synthe-

sis in this species.

An alternative possible route for TAG synthesis is via the

recycling of intermediates of membrane lipid synthesis

(e.g. PC). The use of PC-derived DAG has been proposed

as the major pathway for TAG synthesis in Linum usitatis-

simum and Glycine max (Slack et al., 1978; Bates et al.,

2009). Based on the findings from the ILEs and the number

and type of lipid species identified, we argue that at least

three mechanisms can contribute to TAG synthesis in Jat-

ropha cells: (i) the above-mentioned synthesis of TAG

through the Kennedy pathway, (ii) the synthesis of TAG

from PC-derived DAG, with the participation of acyl-CoA as

the acyl donor and (iii) the acyl-CoA-independent mecha-

nism where DAG can be acylated to form TAG, with the

participation of phospholipids (e.g. PC) as acyl donors, in a

reaction catalyzed by the enzyme phospholipid:diacylglyc-

erol acyltransferase (PDAT) (Dahlqvist et al., 2000; Zhang

et al., 2009; Li-Beisson et al., 2013). As a result, the total

DAG pool could be divided into sub-pools (Figure 2): The

first DAG sub-pool was synthesized prior to the ILEs and

remained inactive during the ILEs (due to the concluded

partial inactivity of the Kennedy pathway). The second

DAG sub-pool was subsequently formed by labeled DAG

species which act as precursors to several de novo synthe-

sized PC labeled species. The interconversion of DAG and

PC is already a firmly established mechanism in oilseed

metabolism (Slack et al., 1983; Triki et al., 1999; Bates

et al., 2009). The third DAG sub-pool, namely the DAG oil-

synthesis pool, is composed of the PC-derived DAG direc-

ted to TAG synthesis (Bates et al., 2009). We assumed that

DAG and PC pools were not at equilibrium since the com-

position of labeled species in the DAG and PC pools dif-

fered (Figure 2).

The expression of the gene coding for PDAT has been

reported in Jatropha seeds at certain developmental stages

(Costa et al., 2010; Xu et al., 2011; Jiang et al., 2012; Sood

and Chauhan, 2015; Ha et al., 2019). However, the activity

of PDAT alone is not enough to justify all the labeled TAG

species detected, since the participation of both DAG and

PC pools is essential for its activity. Phospholipase C (PLC)

© 2020 The Authors. The Plant Journal published by Society for Experimental Biology and John Wiley & Sons Ltd,
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is an enzyme with hydrolase activity that cleaves the cho-

line moiety from PC, releasing DAG and phosphocholine.

The expression of the gene coding for PLC has been

reported in developing Jatropha endosperm (Gu et al.,

2012), hence the hydrolytic reaction catalyzed by PLC

together with the activity of acyl-CoA:diacylglycerol acyl-

transferase (DGAT) was included in the reconstruction. In

the model, the activity of PDAT, PLC and DGAT accounted

for the use of PC pools and PC-derived DAG for TAG syn-

thesis. Descriptions for the likely topology of the TAG syn-

thesis pathway for Jatropha cells in vitro are summarized

in Figure 2.

According to the labeling pattern of the PC species in

Jatropha cells, we propose that in addition to the de novo

PC synthesis via the precursor DAG, the route of PC re-syn-

thesis via lysophosphatidylcholine may also be

operational. This is a route that does not require the degra-

dation of glycerophosphocholine into free choline, the acti-

vation of choline to CDP-choline, or the utilization of CDP-

choline by CDP-choline:diacylglycerol cholinephospho-

transferase (Van der Rest et al., 2002; Lager et al., 2015)

(Figure 2). We identified several highly unsaturated species

in the PC pool, probably generated from the de novo syn-

thesized PC. This is supported by the fact that PC is the

major site for the eukaryotic FA desaturation pathway and

related reactions (Sperling et al., 1993; Bates et al., 2009),

whereas evidence for a direct role of DAG or TAG as a

desaturase substrate is still lacking. The mechanisms of

acyl editing were also included to account for the highly

unsaturated acyl chains detected for some lipid species

(Lands, 1965; Stymne and Stobart, 1984; Shindou and Shi-

mizu, 2009). The route of galactolipid formation, including

the likely origin of precursors and the pattern of desatura-

tion, was proposed according to the labeling data for the

identified galactolipid species, and is also based on the

well-established mechanisms reported by Harwood, (1996)

(Figure 2).

The points about stitching the lipid pathways together

based on the labeling patterns and established knowledge

further demonstrate that reconstruction of the pathway

based solely on annotated gene functions would have

resulted in inaccuracies in the model reconstruction and

inconsistencies with respect to the generated data sets.

Verification of the metabolic (quasi)steady state and

condition-specific growth profiles, substrate consumption

and biomass composition

Employing different methodological and analytical tools,

we next gathered condition-specific experimental data

from Jatropha cells grown on different carbon sources.

Growth profiles of cells with the distinct growth phases

were measured by quantifying substrate consumption and

dry biomass weight. We estimated exchange fluxes by

using data on assimilation of carbon sources and inorganic

ions (Table S2).

We also measured cell growth to determine the time

interval during which metabolism can be assumed to be at

metabolic (quasi)steady state, which is essential for model-

ing (Wiechert, 2001). In plant cell cultures, central met-

abolism is highly stable during the exponential growth

phase, whereby the flux values of the participating reac-

tions remain constant. Changes in fluxes start to occur

only when the growth rate of the cell culture declines,

typically occurring during the transition from the exponen-

tial to the stationary growth phase (Rontein et al., 2002;

Williams et al., 2008; Kruger et al., 2012). This has also

been the approach employed to assess the metabolic

(quasi)steady state for metabolic flux analysis with yeast

and bacteria in batch and fed-batch culture (Nielsen et al.,

2003; Ghosh et al., 2016; Zhang et al., 2016). For each

Figure 2. Simplified scheme of the lipid biosynthetic network for in vitro

Jatropha curcas cells.

In plastids, the main steps of fatty acid synthesis are included. In the same

compartment, the route of galactolipid formation and the mechanism for

their unsaturation are outlined. In the endoplasmic reticulum (ER) the routes

for glycerolipid and lipid droplet formation are included. Labeled lipid spe-

cies are displayed in red letters and reactions whose fluxes were estimated

by following the kinetic flux profiling approach are identified with a green

asterisk. Key: CPT, CDP-choline:1,2-diacyl-snglycerol cholinephosphotrans-

ferase; DAGGT, UDP-alpha-D-galactose:1,2-diacyl-sn-glycerol 3-beta-Dgalac-

tosyltransferase; DGAT, diacylglycerol acyltransferase; GPAT, acyl-CoA:

sn-glycerol-3-phosphate acyltransferase; FAS, fatty acid synthase; GPC,

sn-glycero-3-phosphocholine; GPCAT, acyl-CoA:glycerophosphocholine

acyltransferase; LACS, long-chain acyl-CoA synthetase; LCAT, phosphatidyl-

choline-sterol O-acyltransferase; LPAAT, acyl-CoA: lysophosphatidic acid

acyltransferase; LPCT, lysophosphatidylcholine transacylase; MGDGGT,

UDP-alpha-D-galactose:1,2-diacyl-3-beta-D-galactosyl-sn-glycerol 6-alpha-

D-galactosyltransferase; PAer, phosphatidic acid, ER-derived; PApl, phos-

phatidic acid, plastid-derived; PAP, phosphatidic acid phosphatase; PDAT,

phospholipid:diacylglycerol acyltransferase; PDCT, phosphatidylcholine

diacylglycerol cholinephosphotransferase; PLA2, phospholipase A2; PLC,

phospholipase C; PLD, phospholipase D; UDP-gal, UDP-galactose.
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condition, we identified the time lapse of the exponential

growth phase when cells are growing at a constant and

maximum rate, which spanned from 4 to 8 days in sucrose

(gSuc) and 5–10 days for glucose and glycerol (gMix) and

glycerol (gGly).

The assumption of a metabolic steady state was addition-

ally verified by three sets of experiments. In the first set, 10

metabolic intermediates of glycolysis were quantified dur-

ing a time lapse spanning the exponential growth phase of

gSuc (days 4–12). Using a one-way analysis of variance in

all cases we were unable to identify any significant

differences (α = 0.05) in the concentration of each of the 10

measured metabolites between days 4 and 12 (Table S3).

In the subsequent set of experiments, soluble metabolic

intermediaries were measured. A total of four, five and six

metabolites were quantified in gSuc, gMix and gGly,

respectively. We could not identify significant differences

for any of the metabolic pools evaluated (α = 0.05) (Table

S3). In the last set of experiments, a total of 23, 23 and 26

lipid pools were measured in gSuc, gMix and gGly, respec-

tively. In this case, too, we did not detect any significant

differences in the metabolite levels between days 5 and 8

in gSuc (α = 0.05) and days 7 and 9 in gMix and gGly

(Table S3). Taken together, we concluded that during the

exponential growth phase the metabolic steady state holds

for the three growth conditions during the time lapse when

the ILEs were performed.

Furthermore, we characterized the biomass composition

for cells grown on the different carbon sources (Table S4,

Figure 3a). Cells grown on sucrose accumulated more pro-

tein (41% w/w) than starch (30% w/w), while cells grown

on the glucose and glycerol mixture showed the opposite

pattern, i.e. 35% w/w starch and 26% w/w protein. When

cells were grown on glycerol, protein accounted for the lar-

gest percentage (49% w/w), while starch constituted a

small proportion (18% w/w). The remaining components

(i.e. lipids and cell wall carbohydrates) had modest and

similar contributions in all cases. Using the experimental

data obtained from the biomass characterization proce-

dure, three condition-specific biomass reactions were then

constructed. The model reconstruction procedure ensured

that reactions necessary for the biosynthesis of all neces-

sary metabolite precursors were included.

Simulation and validation of cell growth and fluxes in lipid

biosynthesis pathways

The constructed models of condition-specific biomass pro-

duction were subsequently used to simulate growth based

on flux balance analysis (FBA) (Thiele and Palsson, 2010;

Schellenberger et al., 2011). Without constraining the sub-

strate consumption rates, the condition-specific growth

predicted by the model, setting biomass production as the

objective function resulted in unrealistically high prediction

of growth. However, sequential inclusion of constraints for

rates of carbon, nitrogen, sulfur and phosphate consump-

tion, the condition-specific biomass reactions, the KFP-esti-

mated fluxes and the maintenance constraints resulted in

quantitatively excellent predictions for each growth condi-

tion (Figure 3b).

Using the data from the ILEs we estimated the fluxes

of 23, 16 and 21 reactions based on the KFP (Yuan et al.,

2008) in gSuc, gMix and gGly, respectively (Table S6, Fig-

ure 2). We observed differences in the order of magni-

tude of the experimentally estimated fluxes, where fluxes

from central metabolism were several orders of magni-

tude larger than fluxes from lipid pathways. This differ-

ence in the order of magnitude has also been observed

in other organisms (e.g. bacteria and yeast). The work

done by Almaas et al. (2004) led to the observation that

flux distribution follows a power law, which implies that

most metabolic reactions exhibit small fluxes while the

biochemical activity of the metabolism is controlled by

several reactions with very high fluxes, leading to the

concept of a high-flux backbone in metabolic networks

(Almaas et al., 2004; Samal, 2008). In addition, we must

also stress that lipids are big molecules compared with

other intermediates of central metabolism in terms of the

number of carbon units required to build 1 mol of a lipid

molecule (e.g. TAG, DAG, PC), thus fluxes from central

metabolism feeding lipid biosynthesis pathways are

expected to be considerably larger.

In addition, we used all experimentally derived con-

straints, including the exchange fluxes as well as the non-

growth-associated maintenance (NGAM) values, to predict

fluxes at the point of optimum condition-specific growth

(setting condition-specific biomass synthesis as the objec-

tive function) followed by total flux minimization (Experi-

mental Procedures). While in all cases the fluxes estimated

from the data were larger than flux predictions from the

constrained model, they were highly correlated (Pearson

correlation coefficient >0.86) in the three conditions

(Table S7). The estimated fluxes of some reactions showed

Figure 3. Biomass characterization under three different growth conditions.

(a) Differences in biomass composition (% w/w) in Jatropha curcas cells

growing on three carbon sources [i.e. sucrose (gSuc), glucose and glycerol

(gMix), and glycerol (gGly)]. CW, cell wall carbohydrates.

(b) The rate of biomass production obtained from experimental measure-

ments and from model prediction for cells growing on different carbon

sources. Error bars display the standard deviation.
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higher deviation from the best fit with respect to the pre-

dicted value; a typical example is the reactions in galac-

tolipid synthesis. Since galactolipids are membrane

constituents, part of their pool may be inactive, thus con-

tributing to a delay in the decay of the unlabeled fraction

used in KFP, leading to the discrepancy in the flux estima-

tion. As an additional validation of the flux estimates,

incorporation of KFP-estimated fluxes in the simulation of

growth provided a further improvement of the fit for gSuc

and gMix and did not affect the predictions for the gGly

condition.

Differential flux profiling, energy metabolism, and

reducing power generation

We next used all constraints, including the KFP-estimated

fluxes, and performed flux variability analysis (FVA) under

optimum condition-specific growth to conduct differential

flux profiling (Experimental Procedures). To this end, we

categorized each reaction based on the number of pairwise

condition comparisons in which the corresponding flux

intervals did not overlap. We found that the ranges of 259

reactions differed between all three pairwise condition

comparisons, while 79 and 57 showed differences in two

and single pairwise condition comparisons, respectively

(Table S8). This finding indicated that there is a large

amount of flux rerouting between the three growth condi-

tions.

Furthermore, after the use of the KFP-estimated fluxes

as constraints, we determined a reduction of up to 77.9%,

69.7% and 66.0% in the feasible range for 623, 558 and 528

of the reactions for the gSuc, gMix and gGly conditions,

respectively (Table S9). These flux ranges were used to

characterize the major differences in flux distributions

between the growth conditions: in all growth conditions,

glycolysis was predicted to operate in both cytosol and

plastids. In gMix and gGly, the model predicted that the

reaction catalyzed by the cytosolic fructose diphosphate

aldolase was operating in a reverse mode, while fructose-

1,6-biphosphatase was active. This could be explained by

the need to replenish fructose-6-phosphate and glucose-

6-phosphate (G6P) pools, because externally supplied

glucose could partially meet the demands for these inter-

mediates in gMix and is not externally supplied in gGly

(Figure 1). In addition, the model predicted a full operation

of the cytosolic and plastidial pentose phosphate pathway

(PPP) in all growth conditions. The model predicted that in

gSuc, gMix and gGly the intermediates imported into the

plastids included G6P, oxaloacetate and phosphoenolpyru-

vate, besides pyruvate in gSuc and malate in gGly.

We next employed the experimental data and the esti-

mated NGAM costs to evaluate the distribution of reducing

power generation in the different cell compartments. In the

metabolic reconstruction there were several redox shuttles,

whose contributions were considered when calculating the

reducing power generation in the different cellular com-

partments:

i A redox shuttle of proline metabolism, which is trans-

ported from the cytosol to the mitochondrion, where

the electrons from proline are transferred to the FAD

cofactor to produce FADH, and from there to a quinone

acceptor. The pyrroline-5-carboxylate intermediate pro-

duced in this reaction is further metabolized by the

enzyme pyrroline-5-carboxylate dehydrogenase to pro-

duce glutamate with the concomitant generation of

one molecule of NADH (Di Martino et al., 2006; Plan-

chais et al., 2014). This is part of a route that modu-

lates the content of basic amino acids in plant cells.

ii A redox shuttle of isocitrate metabolism, where several

mitochondrial carriers export isocitrate to the cytosol

(Haferkamp, 2007; Linka and Weber, 2009). The isoci-

trate is in turn metabolized by the activity of isocitrate

dehydrogenase (ICDH) enzymes, two of which are

located in the mitochondrion and one in the cytosol to

produce 2-oxoglutarate (OG). The interconversions

between isocitrate and OG represents a flexible mech-

anism in which the ICDH enzymes are involved in the

maintenance of the metabolic balance between

reduced and oxidized pyridine nucleotides (Igam-

berdiev and Gardeström, 2003).

iii A redox shuttle of malate metabolism, where NADP-

malic enzyme, a widely distributed enzyme, catalyzes

the oxidative decarboxylation of malate to yield pyru-

vate, CO2 and NADPH. There exist plastidial and

cytosolic isoforms of this enzyme, which contribute

with carbon and reducing power for FA synthesis and

FA elongation, respectively. The mitochondrion is

source for the malate used as substrate by this

enzyme, exported through well-known carriers (Drin-

covich et al., 2001; Pleite et al., 2005).

In gGly we estimated the highest generation of FADH

and NADH (0.3036 and 0.4611 mmol gDW−1 h−1, respec-

tively; DW, dry weight), followed by FADH production in

gMix (0.2185 mmol gDW−1 h−1) and NADH in gSuc

(0.1587 mmol gDW−1 h−1). Production of NADPH was pre-

dicted to be higher in gMix (0.7691 mmol gDW−1 h−1), fol-

lowed by gSuc and gGly (0.5724 and

0.4904 mmol gDW−1 h−1, respectively) (Table S5). The con-

tribution of the compartments (i.e. mitochondrion, cytosol

and plastids) also varied across conditions. In gSuc,

around 69% of the total reducing power was generated in

the cytosol, while 25% and 6% was produced in the plas-

tids and mitochondrion, respectively. In gMix the contribu-

tion of mitochondrion, cytosol and plastids was 22%, 19%

and 59%, respectively, and in gGly the numbers were 50%,

8% and 42%, respectively (Table S5). These differences

might be due to the differential biomass composition, the

need to cope with the NGAM requirements as well as the

medium composition, especially the carbon source
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supplied: in gGly and gMix, with glycerol as a carbon

source, the reaction catalyzed by FADH-dependent glyc-

erol-3-phosphate dehydrogenase taking place in the mito-

chondrial intermembrane space was predicted to make a

large contribution to reducing power generation (Figure 1,

Table S5).

Identification of overexpression targets affecting storage

lipid accumulation and composition

To identify reactions whose overexpression would be

anticipated to increase storage lipid accumulation, we

made use of the FSEOF (‘flux scanning based on enforced

objective flux’) approach (Choi et al., 2010). To this end, we

investigated two target reactions that were of particular

interest to us: the lipid body formation (LBF) reaction,

modeling the accumulation of storage lipids (i.e. TAGs) in

the organelles known as lipid bodies or lipid droplets, and

the reaction catalyzed by stearoyl-ACP-desaturase

(SACPD), synthesizing oleic acid (C18:1), to obtain storage

lipids enriched in this particular FA. To constrain the target

reactions we made use of an algorithm that constrained

the reactions to their calculated, theoretical maximum val-

ues, and then proceeded to obtain the respective flux dis-

tributions. When the flux distribution was not feasible at

maximum growth, the algorithm made a gradual reduction

of the respective values used as constraints until a feasible

flux distribution was achieved (Experimental Procedures).

The fluxes of the target reactions were thus constrained in

each condition without sacrificing biomass production, as

our goal was to achieve the maximum lipid accumulation

without reducing the biomass yield. We then identified

reactions with an increased flux with respect to the refer-

ence. For all three growth conditions, the reactions with

increased flux were classified into subsystems (Experimen-

tal Procedures).

After constraining the SACPD and LBF reactions, we

observed that some biomass components (i.e. galac-

tolipids, amino acids and cell wall components) were

favored for all the scenarios evaluated, as the fluxes

leading to their synthesis were increased compared with

the respective reference flux distribution. The fluxes of

reactions leading to the synthesis of several cell wall com-

ponents were larger than the respective reference flux dis-

tributions, as was the case for reactions of galacturonic

acid, xylose and GDP-glucose synthesis in gMix and gGly,

besides reaction for galactose synthesis in gGly. In gSuc,

the reactions for rhamnose and fucose (also present in

gMix) synthesis were identified. The reactions for starch

synthesis had increased fluxes only in gGly (Table S10,

Figures 4b and 5).

In all growth conditions the amino acid reactions that

showed an increased flux were related to the synthesis of

lysine, methionine, serine, leucine, valine, isoleucine and

threonine. In addition, the reactions for phenylalanine, tyr-

osine, tryptophan and cysteine synthesis in gSuc, the reac-

tions for histidine, glutamate and proline synthesis in

gMix, and proline synthesis in gGly also increased. The

correlation between the increase in lipid-related reaction

fluxes and the fluxes of amino acid-related reactions is

analogous to the observations made by Borisjuk et al.

(2013) in rapeseed embryos, as they noticed the simultane-

ous occurrence of lipid and protein storage accumulation

as part of the tissue differentiation program. During these

events, there is competition among the biosynthetic path-

ways for the same substrates and energy, and the evidence

suggests that redirection of substrates from lipid to protein

synthesis is feasible (Chen et al., 2009; Borisjuk et al.,

2013), while the opposite has proven more difficult to engi-

neer (Abbadi and Leckband, 2011; Borisjuk et al., 2013).

Our study shows that the increased flux in reactions of

amino acid and cell wall component synthesis might be an

indirect consequence of the increased accumulation of

storage lipids enriched in a particular FA. The latter leads

to activation of the lipid degradation pathways, resulting in

the likely higher availability of metabolic intermediates that

are redirected to other biomass components. This is also

in line with the evidence from breeding programs where

selection for total content of protein and lipid has been

Figure 4. Optimization of storage lipid accumulation by reaction manipulation.

(a) Number of reactions related to lipid synthesis displaying increased flux upon flux scanning based on enforced objective flux (FSEOF) under four different

constraint scenarios: EL, constraints only on the lipid body formation (LBF) reaction; ES, constraints only on the stearoyl-ACP-desaturase (SACPD) reaction; ELS,

combined constraints on LBF and SACPD; ELSK, consideration of knock-out of β-oxidation reactions. Reactions are categorized into subsystems.

(b) Reactions categorized into main functional categories: central carbon metabolism, amino acid metabolism, generation of biomass components, cofactors,

and secondary metabolism, displaying increased flux under the four different constraint scenarios. DAG, diacylglycerol; FA, fatty acid; LPA, lysophosphatidic

acid; PA, phosphatidic acid; PL, phospholipid.
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shown to be more effective in raising lipid content than

selection for lipid content alone (Grami et al., 1977; Boris-

juk et al., 2013) (Table S10, Figure 4b).

The simulation also predicted the activation of several

glyoxylate cycle, β-oxidation and glycerol metabolism reac-

tions (acting on storage lipid degradation), not carrying

flux in the reference flux distributions. These reactions

were negatively correlated to SACPD according to the

results from flux coupling analysis (FCA) and analysis of

uniform sampled flux distributions (Table S11). The initial

step of lipid breakdown is catalyzed by lipases, releasing

the acyl chains from the TAGs stored in the lipid droplets

(here resembling the LBF reaction) located in the cytosol,

yielding free FA and glycerol (Huang, 1983; Quettier and

Eastmond, 2009; Li-Beisson et al., 2013). Glycerol is metab-

olized to the glycolytic intermediate dihydroxyacetone-

phosphate by the sequential action of the enzymes glyc-

erol kinase and the FAD-dependent glycerol-3-phosphate

dehydrogenase, in the cytosol and the mitochondrial inner

membrane, respectively (Eastmond, 2004; Quettier and

Eastmond, 2009; Ma et al., 2017). Dihydroxyacetone-phos-

phate is then converted into sugars by the process of glu-

coneogenesis. Free FA are transported to the glyoxysome

(a specialized peroxisome) and activated to form acyl-CoA.

Subsequently, acyl-CoAs are catabolized through the β-oxi-
dation pathway to give raise to acetyl-CoA units which

later enter the glyoxylate cycle, where several metabolic

intermediates are formed (i.e. citrate, succinate, malate)

and exported to other cellular compartments to fuel differ-

ent reactions from central carbon metabolism (Beevers,

1980; Graham, 2008) (Figure 5).

The number of lipid degradation reactions was small or

zero when LBF was constrained to values near its theoreti-

cal maximum (Figure 4a, Table S10), but the number of

active β-oxidation reactions increased when the formation

of C18:1 by SACPD was constrained, as was the case for

the scenario where LBF and SACPD were jointly con-

strained. Among the active lipid degradation reactions we

can name the preferential activity of lipases over TAG

species with a high number of unsaturations, such as 54:

3- and 54:4-TAG, which contain three and two C18:1-FA

molecules, respectively; the transport reactions of C18:

1-FA species to the glyoxysome; and the group of reac-

tions of β-oxidation participating in the catabolism of

C18:1-CoA to acetyl-CoA units (Table S10, Figure 4a). From

the group of glyoxylate cycle reactions activated upon

SACPD enforcement, we can mention the glyoxysome-lo-

calized reactions catalyzed by the enzymes isocitrate dehy-

drogenase, catalase, malate synthase and malate

dehydrogenase. These results indicated that an increased

flux through an individual reaction of FA synthesis (e.g.

oleic acid formation catalyzed by SACPD) activates the

routes of storage lipid degradation, and that the metabolic

resources generated through degradation pathways are

rerouted to other biomass components. This observation

was made after manipulating lipid composition in plants,

where an inadequate incorporation of FA into TAG occurs

due to: (i) unbalanced activity among the block of reactions

generating the FA and the block of reactions of glycerolipid

assembly, or (ii) poor affinity of the acylating enzymes for

their acyl-CoA substrates, turning out into the recycling of

the FA via β-oxidation, even in plant tissues primarily

devoted to the accumulation of storage lipids (Napier

et al., 2014; Poirier et al., 1999; Van De Loo et al., 1995).

An increased flux was also observed in reactions of sev-

eral pathways of central metabolism, such as oxidative

phosphorylation, the PPP, the tricarboxylic acid (TCA) cycle

and the glycolysis/gluconeogenesis pathway, perhaps as a

consequence of the extra availability of intermediates from

the lipid degradation pathways and the need to cope with

Figure 5. Scheme of central carbon metabolism and the routes for the for-

mation of the main biomass components (i.e. proteinogenic amino acids,

starch, lipids, and cell wall carbohydrates) upon flux scanning based on

enforced objective flux (FSEOF) implementation.

The coloured arrows on the top-right indicate the reactions taking place in

the specified growth conditions [i.e. sucrose (gSuc), glucose and glycerol

(gMix), and glycerol (gGly)], the black arrows of the model connecting the

metabolites symbolize the reactions taking place under the three growth

scenarios evaluated. The reaction steps enclosed in the blue circles corre-

spond to the knock-out targets in the FSEOF analysis. The biomass compo-

nents enclosed in the red boxes are associated with reactions related to

their biosynthetic pathways that showed increased fluxes under the scenar-

ios of high lipid accumulation. 3-PG, 3-phosphoglycerate; AcCoA, acetyl-

coenzyme A; ADPglc, ADP-glucose; AKG, alpha-ketoglutarate; Ala, alanine;

Arg, arginine; Asn, asparagine; Asp, aspartate; β-oxid, β-oxidation; CIT,

citrate; Cys, cysteine; CW, cell wall; DAG, diacylglycerol; DHAP, dihydroxy-

acetone phosphate; E4P, erythrose-4-phosphate; F6P, fructose-6-phosphate;

FAX, fatty acid export; FDP, fructose diphosphate; FFA, free fatty acids; Fru,

fructose; FUM, fumarate; G6P, glucose-6-phosphate; Glc, glucose; Gln, glu-

tamine; Glu, glutamate; Gly3P, glycerol-3-phosphate; Gly, glycine; GPC,

glycerophosphocholine; Glx, glyoxylate; His, histidine; ICIT, isocitrate; Ile,

isoleucine; IM, mitochondrial intermembrane space; LD, lipid droplet; Leu,

leucine; LPA, lysophosphatidic acid; LPC, lysophosphatidylcholine; Lys,

lysine; MAL, malate; Met, methionine; OAA, oxaloacetate; PA, phosphatidic

acid; PC, phosphatidylcholine; PEP, phosphoenolpyruvate; Phe, phenylala-

nine; PPP, pentose phosphate pathway; Pro, proline; PYR, pyruvate; PXA1,

peroxisomal ABC-transporter; Ru5P, ribulose-5-phosphate; R5P, ribose-5-

phosphate; Ser, serine; SUCC, succinate; TAG, triacylglycerol; Thr, thre-

onine; TP, trioses phosphate; Trp, tryptophane; Tyr, tyrosine; Val, valine.
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the augmented demand for precursors for the synthesis of

lipids (Table S10, Figure 4b).

For the reactions classified in the category of lipid syn-

thesis, we observed that the number of TAG synthesis

reactions with increased flux was four and five in gMix

when LBF and SACPD were separately constrained, respec-

tively. Eight reactions were of increased flux when SACPD

and LBF were separately constrained in gGly, and in gSuc

the number of reactions was three for both scenarios

(Table S10, Figure 4a). This indicated that overexpression

of SACPD alone could lead to an increase in oleic acid for-

mation, but this does not necessarily imply a higher flux

through storage lipid reactions. Taking a closer look at the

identity of the TAG synthesis reactions, we noticed that in

gSuc around 75% of the enzymes were acylating C18:1-FA

into the glycerol backbone, while in gMix and gGly this

percentage was 43%. The remaining reactions acylated

C18:2-FA and C18:3-FA, probably as a result of the higher

abundance of C18:1, as this later constitutes a substrate for

the acyl editing mechanism generating highly unsaturated

FA species. The acyl editing reactions in turn displayed an

increased flux in the scenarios evaluated. Reactions pro-

ducing DAG molecules were also increased, where in 33%

of the reactions C18:1-acyl molecules were acylated into

the glycerol backbone in gSuc, 57% in gGly and 100% in

gMix (Table S10, Figure 4a).

Several galactolipid synthesis reactions also displayed

increased flux in all growth conditions, especially those

leading to C34 and C36 mono- and di-galactosyldiacylglyc-

erol species, which contain one and two C18:1-FA mole-

cules, respectively; this could be a way to re-route the

C18:1 surplus (Table S10, Figure 4a).

In the pathway of FA synthesis there were also increased

fluxes in several reactions, besides the obvious SACPD tar-

get reaction. Among these, we single out the fatty acid

synthase complex (FAS), the heteromeric acetyl-CoA car-

boxylase (HetACCase) and also alternative routes for the

generation of precursors and/or reducing power (i.e. malic

enzyme, malate dehydrogenase and ATP-citrate lyase),

which have been reported to be sources of carbon and/or
reducing power in oilseeds (Pleite et al., 2005; Alonso

et al., 2007a, 2010; Baud and Lepiniec, 2010) (Table S10,

Figure 4a).

Our constraint-based modeling analysis also provided

non-obvious insights about the interactions of lipid meta-

bolism with other pathways. Borisjuk et al. (2013) and Hay-

den et al. (2011) highlighted the importance of certain

cofactors in the storage capacity for both lipids and pro-

teins, and suggested that the repertoire of networks regu-

lating carbon partitioning into oil should also consider

cofactor metabolism. In our study we found that reactions

leading to the synthesis of some cofactors were either not

active or displayed a lower flux value in the reference flux

distribution, but after constraining SACPD and/or LBF, the

fluxes were increased or the reactions became active. In all

growth conditions, the reactions participating in the syn-

thesis of S-Adenosylmethionine (SAM), FAD, ADP, and

cytidine 5’-triphosphate cofactors were positively corre-

lated to storage lipid accumulation. In gSuc and gGly we

identified additional reactions related to the synthesis of

tetrahydrofolate (THF), 5-methyltetrahydrofolate (MTHF),

CoA, guanosine 5’-di- and tri-phosphate (GDP and GTP)

and NADP cofactors (Table S10, Figure 4b). Some of the

intermediates necessary for the synthesis of cofactors are

also shared with the pathways of amino acid synthesis. For

instance, these included: acetyl-L-serine, an intermediate

necessary for the synthesis of cysteine and CoA; homoser-

ine, which is intermediate in the synthesis of methionine

and SAM; chorismate, an intermediate in the synthesis of

THF and tryptophan. There are other reactions related to

amino acids that showed an increased flux, as was the

case for proline synthesis, given the redox shuttle of pro-

line metabolism taking place in the mitochondrion; the

reactions of glutamate synthesis that take part of the glu-

tamine synthetase–glutamate synthase cycle, necessary for

inorganic nitrogen assimilation; and the reactions where

serine and SAM participate as substrates in the synthesis

of phosphocholine that is required for phospholipid syn-

thesis (i.e. PC) (Table S10, Figure 4b).

According to the simulation results, we identified four

groups of obvious target reactions that influence storage

lipid accumulation and composition in Jatropha cell cul-

tures.

i Reactions responsible for FA synthesis (i.e. HetACCase

and FAS, in addition to SACPD), whose overexpression

might lead to an increased availability of FA for stor-

age lipid assembly.

ii The TAG synthesis reactions encompassing all the

steps for glycerolipid assembly [i.e. acyl-CoA: lysophos-

phatidic acid acyltransferase (LPAAT), DGAT and

PDAT], where the purpose of their overexpression is to

increase the sink strength and promote storage lipid

accumulation. Here we would like to stress that, accord-

ing to the results, the acylating enzymes favored the

accumulation of C18:1-FA; thus, to increase the sink

strength it is necessary to consider not only a higher

activity of the acylating enzymes but also their affinity

for the FA substrates when the goal is to produce lipids

enriched with a particular FA. The overexpression of

acylating enzymes with low affinity for a specific FA

might lead to either the activation or an increased activ-

ity of the lipid degradation pathways, or its redirection

to other lipid species (i.e. galactolipids, phospholipids)

to sequester the surplus, as was observed in our analy-

sis where a considerable number of galactolipid reac-

tions displayed increased flux (Figure 4a, Table S10). A

similar situation has been observed in attempts to alter

lipid composition in oleaginous species as a result of
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the regulatory mechanism of lipid homeostasis that

compensates for alterations in FA composition (Napier

and Graham, 2010; Napier et al., 2014; Poirier et al.,

1999; Van De Loo et al., 1995). Although the affinity of

acylating enzymes has not been a major obstacle in the

attempts to boost the accumulation of common FA into

the storage lipids of oleaginous species (Harwood and

Russell, 1984; Dörmann et al., 2000; Stoutjesdijk et al.,

2000; Liu et al., 2002, 2017; Jiang et al., 2017; Morineau

et al., 2017), it is considered as a key aspect for evalua-

tion in the engineering of plants to accumulate uncom-

mon FA species (Durrett et al., 2010; van Erp et al., 2011,

2015; Reynolds et al., 2015, 2017; Bansal et al., 2018;

Lunn et al., 2019).

iii The LBF reactions, representing the final steps of lipid

droplet formation. Lipid droplets are formed by a

phospholipid monolayer, surrounded by several types

of proteins, with oleosins as one of the most abundant.

Increasing their availability has been demonstrated to

favor lipid accumulation in plant cells as also con-

tributes to increasing the sink strength (Siloto et al.,

2006; Parthibane et al., 2012; Jacquier et al., 2013;

Winichayakul et al., 2013; El Tahchy et al., 2017; Xu

et al., 2019).

iv The last group is composed of β-oxidation reactions.

Based on the FSEOF approach, we found that over-pro-

duction of oleic acid was compensated by an increased

flux through lipid catabolic reactions related to β-oxida-
tion and the glyoxylate cycle. When LBF and SACPD

were constrained jointly to values near their theoretical

maximum, lipid catabolic reactions still exhibited

increased fluxes. This indicated that increasing the flux

in reactions that act further down the TAG biosynthetic

pathway, to provide increased sink strength, might not

be sufficient to prevent FA degradation when reactions

for FA synthesis are overexpressed individually (The-

len and Ohlrogge, 2002); thus, the knock-out strategy

might also be necessary to reach the desired FA com-

position in the storage lipids.

The previous results were also supported by FCA and

analysis of uniform sampled flux distributions. Results

from flux sampling in all three conditions indicated that

reactions from β-oxidation, the glyoxylate cycle and TAG

hydrolysis by lipases were negatively correlated to SACPD

and LBF (Table S11). In addition, reactions from glycolysis,

PPP, FA synthesis, lipid droplet formation and TAG synthe-

sis were positively correlated (Table S11), supporting the

overexpression targets obtained based on the FSEOF

approach.

Altogether, the identified targets could be used in an

integral modification strategy to optimize lipid production

with the desired FA composition, following the ‘push, pull

and protect’ strategy (Harwood and Guschina, 2013; Yuan

and Grotewold, 2015; Bates, 2016).

The results of FSEOF were further scrutinized to identify

other possible targets. We identified reactions related to

the assimilation of nutrients (e.g. nitrate and sulfate) and

other reactions with a non-obvious relation to lipid path-

ways (e.g. acetate, ferredoxin, purine and pyrimidine meta-

bolism) (Table S10) besides the previously mentioned

cofactors, probably pointing at inherent trade-offs between

lipid metabolism and other parts of cellular metabolism.

DISCUSSION

Despite the interest in in vitro and field cultivation of

J. curcas for second-generation biofuel production, there

has been little effort to understand the connection between

its metabolism and lipid composition, as well as yield, as

agronomically relevant traits (Sood and Chauhan, 2015).

Large-scale models of metabolism analyzed with

approaches from constraint-based modeling can be used

to get insights in the mode of operation of metabolism

under different conditions and the design of intervention

strategies. The quality and feasibility of these model pre-

dictions depends on the quality of the network reconstruc-

tion, improved by iterative consideration of heterogeneous

molecular and physiological data. We provided a first bot-

tom-up evidence-based metabolic reconstruction for J. cur-

cas cells and refined it with data on condition-specific

biomass composition and from labeling experiments with

different carbon sources. Our computational analyses

demonstrated that the model provides accurate quantita-

tive and qualitative predictions of condition-specific

growth and of intracellular fluxes in lipid metabolism,

respectively, and can thus be used as tool to study the

optimization of lipid production. The model also allowed

us to pinpoint the differential operation of metabolic path-

ways under three conditions differing in the carbon source

used. These analyses went beyond identifying the differ-

ences in precursor generation, typically obtained in semi-

nal labeling studies in different plant species. In addition,

by using three approaches from the constraint-based mod-

eling framework we determined reactions whose over-

expression or knockout can lead to increase storage lipid

accumulation under in vitro conditions without sacrificing

biomass. The identified strategy provides the means for

optimization of lipid production for future industrial appli-

cations.

Although the levels of accumulation of storage lipids

and the environmental conditions differed between Jat-

ropha cell cultures and field-grown plants, the types of

lipids produced by both systems in this particular species

are similar (Correa and Atehortúa, 2009). Therefore, study-

ing Jatropha cell cultures provides additional insights

about Jatropha lipid metabolism, as has been the case for

cell culture models build for other plant species, for exam-

ple carrot (Krook et al., 1998), tomato (Rontein et al., 2002),

Arabidopsis (Williams et al., 2008; Masakapalli et al., 2010;
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Cheung et al., 2013; Masakapalli et al., 2013) and rice (Liu

et al., 2013), and for other organisms, for example mam-

mals (Lv et al., 2017; van de Merbel et al., 2018), where cell

cultures have proved to be a valid strategy for obtaining

valuable information about several aspects of metabolism.

EXPERIMENTAL PROCEDURES

Chemicals

All reagents purchased were of the highest purity available. Stan-
dards required for lipid analysis were purchased from Avanti Polar
Lipids (https://avantilipids.com/), Toronto Research Chemicals
(https://www.trc-canada.com/) and Sigma (https://www.sigmaald
rich.com/). For LC-MS/MS analysis of intracellular soluble metabo-
lites, all internal standards used for quantification were prepared
and handled as indicated in Arrivault et al. (2015). For isotope
labeling studies [U-13C]glucose was purchased from Cambridge
Isotope Laboratories (https://www.isotope.com/) and [U-13C]glyc-
erol from Sigma, both with an isotopic purity of 99%.

Materials and equipment

The following equipment was used: a centrifuge with temperature
control, orbital shaker, GC-MS column (30 m DB-35 column, Agi-
lent Technologies, https://www.agilent.com/); LC-MS column for
lipid analysis [Acquity BEH C8 column (length 100 mm, inner
diameter 2.1 mm, 1.7 µm particle size; Waters, https://www.waters.
com/)]; analytical balance, vacuum filtering system, convection
oven, spectrophotometer, dry incubator, sonication bath, vortex,
speed vacuum, Dionex ICS-3000 system; Dionex HPLC system cou-
pled to a Finnigan TSQ quantum discovery MS-Q3 and equipped
with an electrospray (ESI) interface; gas chromatograph coupled to
a time-of-flight mass spectrometer (Leco Pegasus HT TOF-MS,
https://leco.com/) with autosampler Gerstel multi-purpose system;
ultra-performance liquid chromatography (Acquity UPLC system,
Waters) coupled with a Fourier transform mass spectrometer
(UPLC/FT-MS) and Orbitrap mass spectrometer (Exactive, Thermo
Scientific, https://www.thermofisher.com/).

Cell suspension establishment and maintenance

Cell suspensions were established from Jatropha seeds from elite
field material provided by Colombiana de Biocombustibles S.A.
(http://colbio.blogspot.com/) and handled according to a previ-
ously established protocol (Correa and Atehortúa, 2012). Cell sus-
pensions were incubated in an orbital shaker at 90 r.p.m. at 28°C
in the dark.

Adaptation of cell cultures to grow with different carbon

sources

The carbon source in the culture medium was supplied in the
form of sucrose (gSuc). It was necessary to adapt cells to grow on
glycerol (gGly) as the only carbon source. The culture medium
was prepared by replacing sucrose with different combinations of
glucose and glycerol. The adaptation started by subculturing cells
in culture medium with a 50:50 (glucose:glycerol) composition.
After 20 days of incubation a portion of 10 ml cell suspension was
transferred to culture medium containing 40:60 glucose:glycerol.
The same procedure was followed by varying the glucose:glycerol
ratio, until cells were adapted to grow on glycerol. It was also of
interest to evaluate cell growth on medium with a minimum con-
centration of glucose, as from preliminary experiments it was
noticed that biomass content was enhanced when a small amount

of glucose was included in the medium, despite this carbon
source being consumed in a brief time (about 3 days) before the
start of the exponential growth phase. Therefore, cells were
adapted to grow on medium containing the mixture glucose:glyc-
erol (1:9) (gMix).

Measurement of cell growth profiles

Growth profiles were measured for each growth condition. Tripli-
cate cultures were established by transferring 75 ml of previously
synchronized cell cultures to Erlenmeyer flasks containing 42 ml
of the corresponding fresh medium. Cultures were incubated at
90 r.p.m. at 28°C in the dark. The time span of the sampling proce-
dure was 15 days for gSuc and 20 days for gMix and gGly. For
each replicate, a 1 ml sample was collected for biomass quantifi-
cation; additional aliquots of 5 ml were taken during the exponen-
tial growth phase for biomass characterization.

The 5 ml aliquots were immediately processed by vacuum filter-
ing. Biomass was washed twice with 10 ml portions of deionized
water, collected in a tube and immediately quenched with liquid
nitrogen. For biomass quantification the 1ml cell culture aliquots
were centrifuged (5 min, 106 g, 10°C). The supernatant was col-
lected, transferred to new tubes, immersed in liquid nitrogen and
stored at −80°C. The biomass pellet was washed twice with 2 ml
portions of deionized water and centrifuged (5 min, 106 g, 10°C).
The supernatant was discarded and tubes with biomass were dried
(12 h, 80°C). Samples were left to cool down and the weights were
recorded.

Quantification of fructose consumption was done by the spec-
trometric modified anthrone-sulfuric method (Somani et al., 1987).
Quantification of total hexoses was made using the anthrone col-
orimetric method (Dreywood, 1946; Hansen and Møller, 1975). The
glucose concentration was obtained after subtracting the fructose
value of the corresponding sample from the results of total hex-
ose quantification. Quantification of gGly was performed with an
adaptation of the Nash test (Nash, 1953) and the method pub-
lished by Bompelly and Skaf (2014). Measurements of inorganic
ions in supernatant samples were performed by ion chromatogra-
phy according to Watanabe et al. (2018).

Characterization of biomass composition

Substrate consumption was measured as previously described.
Excretion of metabolites was not detected, as supernatants were
measured through GC-MS and other compounds, apart from cul-
ture medium components, were not identified.

For the extraction and quantification of metabolic products and
intermediates the biomass contained in the 5 ml aliquots was used.
For extraction of lipids and internal soluble metabolites the one-
step protocol from Salem et al. (2016) was implemented. Extraction
of proteins and hydrolysis to their constitutive amino acids was
done using an adapted protocol (Antoniewicz et al., 2007; Masaka-
palli et al., 2013; Salem et al., 2016). For starch extraction an enzy-
matic digestion was performed with a mixture of amyloglusidase
and α-amylase dissolved in acetate buffer (pH 4.8). After starch
hydrolysis, quantification of the released glucose was done by
spectrophotometry. Cell wall carbohydrates were extracted by a
modified procedure from Salem et al. (2016) and Foster et al.
(2010). The remaining pellet corresponded to crystalline cellulose
and was pre-treated with an acid mixture of acetic acid/nitric acid/
H2O (8:1:2 v/v/v) and subsequently hydrolyzed with 72% v/v H2SO4.
Quantification of the glucose content was performed with the pre-
viously described anthrone colorimetric method.

Internal soluble metabolites, amino acids and cell wall carbohy-
drates were quantified by GC-MS according to Lisec et al. (2006).
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Chromatograms and mass spectra were evaluated using Chroma
TOF 4.5 (LECO, https://www.leco.com/) and TagFinder 4.2 soft-
ware.

Lipid analysis was performed by LC-MS according to procedure
published by Bromke et al. (2015). The mass spectra were
acquired using an Orbitrap mass spectrometer, and were pro-
cessed with the Xcalibur and Refiner MS 7.5 (Genedata, https://
www.genedata.com/) software. The output contained a list of fea-
tures associated with the intensities of peaks. Features naturally
containing the heavy carbon isotope (13C) were removed from the
data set (this step was omitted in the case of the 13C-labeled sam-
ples).

Verification of the steady-state assumption

We conducted a preliminary experiment by collecting aliquots of
cell suspensions during a time frame spanning the exponential
growth phase (days 4–12) of gSuc. Soluble metabolites were
extracted according to Arrivault et al. (2009) and Lunn et al. (2006).
For quantification, internal standards were prepared as indicated
in Arrivault et al. (2015). Anion exchange chromatography–triple
quadrupole MS was performed as described in Arrivault et al.
(2009) and Lunn et al. (2006). Chromatographic separation was
performed with a modification of the method described by Luo
et al. (2007). Data were normalized to dry biomass weight and
reported as mmol gDW−1.

Two additional sets of experiments were performed to verify
the metabolic steady state. We quantified soluble metabolites of
samples collected at several time points within a short interval in
gSuc (day 5), gMix and gGly (day 7). The selected days corre-
sponded to the start of the respective isotope labeling experi-
ments. The analysis of the soluble metabolites was performed by
GC-MS according to Lisec et al. (2006) using Chroma TOF 4.5
(Leco) and TagFinder 4.2 software for the evaluation of chro-
matograms and mass spectra.

The last set of experiments consisted of the quantification of
lipid pools by implementing the one-step extraction protocol from
Salem et al. (2016) with samples collected during a time lapse of
the exponential growth phase of gSuc (days 5–8), gMix and gGly
(days 7–9), which corresponded to the 72 h and 60 h time span
where the ILEs were performed. Lipid analysis was performed by
LC-MS according to the procedure published by Bromke et al.
(2015). The mass spectra were acquired using an Orbitrap mass
spectrometer and were processed with the Xcalibur and Refiner
MS 7.5 (Genedata) software. From the quantification results, we
determined for each growth condition if the content of metabolic
intermediates varied by performing a one-way analysis of vari-
ance.

Labeling experiments and flux estimation

We implemented KFP for the experimental estimation of fluxes
following the procedure described by Yuan et al. (2008). Kinetic
flux profiling involves monitoring the dynamics of incorporation
of isotope-labeled nutrient(s) into downstream products using GC/
LC-MS. The essential concept of KFP is that as intracellular
metabolites become labeled, there is a delay in the time-depen-
dent profile for the unlabeled fraction between the substrate and
product of an irreversible reaction. Since the time-dependent pro-
files of the unlabeled fraction typically follow (a combination of)
exponential functions, the delay can be estimated and used to
quantify the flux through a metabolic pool having access to abso-
lute metabolite concentrations (Yuan et al., 2008). The labeling
patterns of metabolites not only provide information about fluxes
but can also be used to obtain insights about the network

structure. We used the latter idea to assemble and verify parts of
the model.

Labeled substrates used were [U-13C]glucose for gSuc and
[U-13C]glycerol for gMix and gGly. The use of labeled substrates
for the analysis of acyl fluxes in different plant species is thor-
oughly documented, including isotopically labeled gGly (Bates
et al., 2007; Pollard et al., 2015a,b; Allen, 2016) and glucose (Allen,
2016).

The selected time points for the start of the ILEs were day 5 for
gSuc and day 7 for gMix and gGly, for which the metabolic
(quasi)steady state can be assumed and shown (see above). Jat-
ropha cells were prepared in advance by selecting cell cultures in
the exponential growth phase having viability values of at least
90%. To perform the ILEs, cells were filtered and immediately
transferred to medium with the corresponding labeled substrates,
conducting this step as fast as possible to avoid disturbances in
metabolism. Sampling was carried out at different time points for
a duration of 72 h. Cell samples were fast filtered and metabolism
was quenched with liquid nitrogen. Samples were stored at
−80°C. For the extraction and quantification of metabolites, the
procedures previously described for lipid extraction were imple-
mented. The correction for natural abundance of isotopes of raw
data was performed with IsoCor software, version 1.0 (Millard
et al., 2012). After correction for natural abundance of isotopes,
the mathematical treatment of the data was done as described in
Yuan et al. (2008). The calculations were performed for all the
metabolites for which the necessary data were available
(Table S1) (Figure 2).

Metabolic network reconstruction

The model consisted of 800 reactions, 647 metabolites and 8 com-
partments. Here we would like to emphasize that even though the
genome from Jatropha was sequenced and that there is also the
possibility to apply automated tools to perform a bottom-up
reconstruction, it must be noted that we were interested in lipid
metabolism for which there is no complete annotation and thus
these approaches will not provide optimal results. We also
checked other plant metabolic models of small (Schwender et al.,
2004, 2006; Junker et al., 2007; Alonso et al., 2007a,b; Williams
et al., 2008; Allen et al., 2009; Lonien and Schwender, 2009; Alonso
et al., 2010, 2011; Kruger et al., 2012; Allen and Young, 2013;
Masakapalli et al., 2013; Colombié et al., 2015; Schwender et al.,
2015; Rossi et al., 2017; Cocuron et al., 2019) and medium size
(Grafahrend-Belau et al., 2009; Pilalis et al., 2011; Hay and Sch-
wender, 2011a,b; Schwender and Hay, 2012; Grafahrend-Belau
et al., 2013; Arnold and Nikoloski, 2014), besides the available gen-
ome-scale models (GEMs) (Poolman et al., 2009; Radrich et al.,
2010; Dal’Molin et al., 2010; Saha et al., 2011; Mintz-Oron et al.,
2012; Poolman et al., 2013; Monaco et al., 2013; Simons et al.,
2014; Seaver et al., 2015; Lakshmanan et al., 2015; Yuan et al.,
2016; Bogart and Myers, 2016; Chatterjee et al., 2017; Botero et al.,
2018; Pfau et al., 2018; Shaw and Cheung, 2018; Moreira et al.,
2019), and found that most of the metabolic reconstructions of
small and medium size have low levels of detail of the lipid net-
work, since the lipid-related reactions are lumped. The exception
is the metabolic reconstruction for rapeseed (Hay and Schwender,
2011a,b), with a total of 572 reactions of which 187 are lipid-re-
lated. After reviewing the GEM structure, we found that FA synthe-
sis and lipid degradation reactions were detailed; however, the
reactions of structural lipid synthesis (e.g. galactolipids and sul-
folipids) and phospholipid formation were lumped to a greater or
lesser extent. Further, we found that in most of the examined
GEMs, the ER compartment was not included, although important
reactions of glycerolipid formation, acyl editing and phospholipid
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synthesis, among others, take place in this compartment. We also
found that storage lipid formation (i.e. TAG) was represented by a
single lumped reaction. Exceptions are the rice GEM (iOS2164)
(Lakshmanan et al., 2015) and the evidence-based maize GEM
(Seaver et al., 2015) models. For these reasons, we decided not to
make use of these automated tools and to perform a bottom-up
reconstruction.

Diverse bibliomic data were examined to allow up-to-date accu-
rate reconstruction for storage and structural lipid biosynthetic
pathways. The topology of the lipid biosynthesis network was
refined with the aid of different resources such as the Jatropha
Genome Database (http://www.kazusa.or.jp/jatropha/), KEGG, the
enzyme repository BRENDA and the universal protein database
(UniProt). The Aralipid website (http://aralip.plantbiology.msu.edu/
pathways/pathways) (Li-Beisson et al., 2013) was also consulted to
compare the structure of the lipid network. The findings from the
ILEs were also used for refinement purposes.

Some reactions of the lipid network that were adjacent without
known branching points were combined into lumped reactions,
for example the set of reactions catalyzed by the FAS complex
leading to C16:0- and C18:0-acyl species; the reaction catalyzed by
lipases to hydrolyze TAG; the catabolic process of β-oxidation to
break down FA molecules into acyl-CoA units; the sequential reac-
tions catalyzed by LPAAT and PAP enzymes in the Kennedy path-
way to produce DAG; and the reactions catalyzed by
phospholipase A2 and the long-chain acyl-CoA synthetase that
cleave the FA attached in the sn-2 position of PC, following their
activation to acyl-CoA, respectively, that takes place during the
acyl editing process.

The inclusion of extracellular transport reactions, and the alloca-
tion of intracellular transport reactions, was based on an extensive
literature search to have confidence about location, stoichiometry
and transport mechanisms. Additional transporters were added
when necessary, to ensure production of biomass. Glycerol assim-
ilation and metabolism was included, as this was the carbon
source in two of the growth conditions evaluated, supported by
an analogous mechanism reported for R. communis (Eastmond,
2004). Reactions for the synthesis of cell wall components appear
in the Golgi apparatus, based on literature from different sources
(Kleczkowski et al., 2010; Li et al., 2011). Glycolysis and the PPP
reactions were included in the cytosol and plastids. These path-
ways were found duplicated in both compartments in cells from
seed endosperm of R. communis (Ireland and Dennis, 1981; Mier-
nyk and Dennis, 1982, 1992). There is also evidence of the duplica-
tion of these pathways in other species [e.g. carrot (Krook et al.,
1998), soybean (Sriram et al., 2004), corn (Alonso et al., 2010), sun-
flower (Alonso et al., 2007a) and Arabidopsis (Lonien and Schwen-
der, 2009)]. Reactions were additionally considered to account for
the energy expenditure in protein polymerization and processing
(Woese et al., 2000; Mathews et al., 2002). The glyoxysome com-
partment was included, as in cells from oleaginous tissues (e.g.
seed endosperm) this is the subcellular location where the meta-
bolism of storage lipids occurs (Quettier and Eastmond, 2009; Bar-
ros et al., 2010). In mitochondria, the TCA cycle, oxidative
phosphorylation, proline and glutamine metabolism were
included.

A condition-specific biomass reaction was constructed, using
the experimental data obtained from the biomass characterization
procedure.

The growth associated maintenance (GAM) and NGAM parame-
ters can be derived from chemostat culture data, as has been done
for bacteria and yeast cells (Varma and Palsson, 1994). In addition,
they can be used along with assumptions regarding the

proportional change of the values of GAM and NGAM as done for
microorganisms with few experimental data available (Borodina
et al., 2005; Feist et al., 2006; Lee et al., 2008). However, given the
technical difficulties involved in the implementation of this
methodology, its usage with other organisms, such as plants, is
not straightforward. Further, measurements of the cost of mainte-
nance generally do not provide information about the partitioning
between ATP and NADPH demands. Therefore, to estimate the
NGAM costs we made a literature search to gain an overview
about how this parameter was estimated and incorporated in
plant models (Poolman et al., 2009; Grafahrend-Belau et al., 2009;
Dal’Molin et al., 2010; Radrich et al., 2010; Hay and Schwender,
2011b; Pilalis et al., 2011; Saha et al., 2011; Mintz-Oron et al., 2012;
Cheung et al., 2013; Grafahrend-Belau et al., 2013; Monaco et al.,
2013; Poolman et al., 2013; Arnold and Nikoloski, 2014; Simons
et al., 2014; Lakshmanan et al., 2015; Seaver et al., 2015; Bogart
and Myers, 2016; Yuan et al., 2016; Chatterjee et al., 2017; Botero
et al., 2018; Pfau et al., 2018; Shaw and Cheung, 2018; Moreira
et al., 2019). In only three of the reviewed models (Poolman et al.,
2009, 2013; Cheung et al., 2013) the respective calculations of the
maintenance costs were made using different approaches and
experimental data for the respective biological systems, and in
turn the reported NGAM costs were used in other published stud-
ies (Hay and Schwender, 2011b; Yuan et al., 2016; Chatterjee et al.,
2017; Shaw and Cheung, 2018; Moreira et al., 2019). There were
other models whose maintenance costs were entirely taken from
the literature (Grafahrend-Belau et al., 2009; Pfau et al., 2018).
After comparing the respective publications, we analyzed several
scenarios to select the most convenient method for integrating
the maintenance costs in the model considering the limitations of
our system set-up and the experimental data available.

i We considered the use of biomass, transport costs and KFP-
estimated fluxes, without the NGAM costs. However, this
resulted in a relatively poor prediction of the fluxes through
central metabolism, especially for the PPP pathway, whose
fluxes can be substantially underestimated: the oxidative
branch of the plastidial and cytosolic PPP appeared totally or
partially inactive or carried negligible fluxes when predicting
fluxes at optimum condition-specific growth (setting condi-
tion-specific biomass synthesis as an objective function) or
when performing total flux minimization, while there is evi-
dence of its operation in heterotrophic plant cell cultures (Wil-
liams et al., 2010) as well as in cells from seed endosperm of
R. communis (Ireland and Dennis, 1981; Miernyk and Dennis,
1982, 1992) and other plant species [e.g. carrot (Krook et al.,
1998), soybean (Sriram et al., 2004), corn (Alonso et al., 2010),
sunflower (Alonso, Goffman, et al., 2007) and Arabidopsis
(Lonien and Schwender, 2009)]. In addition, the predicted
fluxes for substrate consumption did not match the experi-
mental values, as was also observed in the analysis made by
Cheung et al. (2013).

ii Another possibility was to assign values iteratively to a gen-
eric ATPase step until the carbon consumption rate matched
the experimental values, as done in Poolman et al. (2009),
Williams et al. (2010) and Hay and Schwender (2011b). While
it is possible in this way to match the predicted to the mea-
sured substrate consumption values it is also necessary to
keep in mind the inconvenience of expressing the mainte-
nance costs solely in terms of ATP, since maintenance costs
can vary widely from one tissue and/or environmental growth
condition to another. Therefore, the accuracy of the predicted
maintenance ATP cost will be dependent on how close the
flux balance solutions are to the actual metabolic flux state
(Sweetlove and George Ratcliffe, 2011; Colombié et al., 2015).
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This has led to an overestimation of some pathways in their
contribution to cell maintenance (i.e. the TCA cycle, glycoly-
sis), while other pathways are underestimated [i.e. the oxida-
tive pentose phosphate pathway (OPPP)], although their role
in vivo is well documented (Williams et al., 2010). Therefore,
the evidence suggests that in plants it is advisable to divide
the maintenance costs between ATP and NADPH, and it is
also necessary to consider that these costs may vary under
different conditions (Sweetlove et al., 2013).

iii Another possibility for including both the generic ATPase and
NADPH steps is given by the Pareto approach to estimating
the NGAM (ATP and NADPH) costs, as explained in Cheung
et al. (2013). This approach was used to explore the ATP–-
NADPH trade-off operating in the generation of ATP and
NADPH, as the pathways that produce them compete for the
same hexose phosphate precursors. In this approach, the
model is constrained with the experimental values of glucose
consumption and the biomass production rates, and the
fluxes through the generic ATPase and NADPH oxidase reac-
tions are maximized. As a result a set of Pareto optimal solu-
tions are identified that correspond to different flux
distributions in the metabolic network, whose ATP and
NADPH maintenance costs result in a match to the experi-
mentally measured rates of carbon consumption. Here it is
important to highlight that in the Pareto optimal solution the
ATP:NADPH ratios are different, which means in turn a varia-
tion in the flux ratios between the oxidative steps of the OPPP
(generating NADPH) and glycolysis (leading to ATP genera-
tion) as the maintenance demand switches from NADPH to
ATP. Given that a set of solutions is obtained, it might be
problematic to select one Pareto optimal solution over the
others without any previous knowledge about the flux ratios
for key branch points where metabolic intermediates are
diverted either to ATP or NADPH generation.

iv An option to address the issue of not having specific informa-
tion available for Jatropha cells related to the OPPP:glycolysis
ratio might make use of the flux ratio measured by Cheung
et al. (2013), as this work was performed for Arabidopsis cell
cultures fed with glucose as the carbon source. However, it
has been observed that the relative contribution of NADPH
and ATP to the maintenance cost strongly depends on the
conditions imposed on the cell culture, as was the case for
Arabidopsis cells. In Arabidopsis the predicted value for the
NADPH:ATP maintenance ratio was 0.35 for control condi-
tions, but this switched under stress conditions to 0.84 in
hyper-osmotic conditions and to 0.19 at elevated tempera-
ture. In the experiments made with Jatropha cells, the com-
position of the medium is relatively similar in one of the
conditions; however, the carbon source is different for the
remaining growth conditions. Besides, the growth tempera-
ture of Jatropha cells is different from that of Arabidopsis
cells, thus it might be expected that NGAM requirements, as
well as the ATP:NADPH ratios, could differ among the cell cul-
ture systems, which raise doubts about the convenience of
using the experimental values measured for cell cultures of
other plant species grown under different environmental con-
ditions.

v The last scenario evaluated was to make use of the data avail-
able (i.e. measurements from biomass composition, substrate
consumption and growth rates) to implement the procedure
explained next and that was based on the approach used by
Cheung et al. (2013): (a) the initial step was the calculation of
the transport costs by using the experimental data for sub-
strate consumption; (b) next, the GAM costs (ATP, NADH and

NADPH) were estimated by using the experimental data of
biomass composition. First, the main biomass components
were identified as well as their respective metabolite precur-
sors; the ATP, NADH and NADPH stoichiometry was then
determined for each of the biomass components. The model
was afterwards constrained using the measured rates of sub-
strate consumption, the condition-specific biomass reaction
and the measured rate of biomass production. This was fol-
lowed by total flux minimization and the obtained fluxes were
used to estimate the GAM (ATP, NADH and NADPH). (c) In
the last step, the NGAM (ATP and NADPH) cost was esti-
mated by first estimating the total ATP and NADPH produced
by the metabolic pathways of central metabolism using the
flux distribution obtained in the step (b) from total flux mini-
mization. Then, the values obtained for GAM (ATP, NADH
and NADPH) were subtracted from the respective total values
calculated for ATP, NADH and NADPH, so the residual values
were assumed to correspond to the NGAM (Table S12). To
account for these NGAM costs, generic ATP and NADPH
hydrolysis steps were added to the model (Cheung et al.,
2013). The energy expenditure for transportation, in the form
of ATP was accounted for by including a plasma membrane
ATPase step constrained with the calculated values.

Model constraints and implementation

With the constructed mass- and charge-balanced model, a set of
constraints were defined for each growth condition and subse-
quently included in the model (Table S2): (i) the extracellular
fluxes, (ii) the NGAM (i.e. ATP and NADPH) costs calculated for
each growth condition, (iii) the energy expenditure in transport
processes, (iv) the KFP-estimated fluxes, and (v) the condition-
specific biomass reaction. For network verification, evaluation
and validation, the COBRA Toolbox was used (Thiele and Pals-
son, 2010; Schellenberger et al., 2011). Several functions of the
COBRA Toolbox were used to check the charge and mass bal-
ance of the reactions included in the model and for detecting
missing metabolic functions (gaps), metabolic dead-ends,
blocked reactions and stoichiometrically balanced cycles. When
any of the late issues were detected, a detailed revision was
made and the corresponding corrective measures were applied
as detailed in Thiele and Palsson (2010). Demand reactions were
added for several cofactors (i.e. CoA, NAD, NADP) because they
were detected to participate in blocked reactions even when the
respective metabolites were well connected in the metabolic net-
work and were not identified as gap metabolites. The reason for
this discrepancy was due to the ‘coenzyme pseudo-gap problem’,
occurring when the biosynthetic pathway for the de novo synthe-
sis of a particular molecule is included in the reconstruction (as
is our case), but there are no fluxes draining or degrading the
said molecule produced by this pathway. Ponce-de-León et al.
(2013) described that these metabolites may be involved in con-
served moieties, and in such cases they will be consumed and
regenerated in a cyclic manner. As a consequence they could not
be detected as gap metabolites because they will participate in at
least two active reactions. However, if the biosynthetic pathway
for a coenzyme is included in a metabolic model, the net produc-
tion of a coenzyme will not occur under steady-state conditions
unless some flux consumes it (Ponce-de-León et al., 2013).
Hence, the reactions involved in the biosynthesis pathway may
become blocked, as in our case. A common approach to solve
this situation is to include the coenzyme-like metabolite into the
biomass equation; however, as we do not have direct experimen-
tal measurements of these coenzyme concentrations in the bio-
mass, the alternative is to introduce an exchange flux that can
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drain the metabolite out of the system, which was done by intro-
ducing the demand reactions.

The rate of growth was evaluated and compared with the exper-
imentally measured rates. The model in SBML format can be
found in Data S1.

Incorporation of labeling data as experimental constraints

Flux variability analysis was performed for each growth condition,
with and without including the KFP-estimated fluxes, as con-
straints. The fluxVariability() function of the COBRA Toolbox was
used, with three sets of constraints, each one containing the con-
dition-specific experimental information, in addition to the KFP-es-
timated fluxes. The resulting flux intervals were compared for the
three growth conditions and the fluxes for which a decrease in
magnitude was observed were selected for calculation of the total
percentage of reduction of all the flux values analyzed.

Implementation of FSEOF

The flux distributions were calculated through constrained-based
analysis using the COBRA Toolbox software installed on a per-
sonal computer (2.40 GHz Intel Core CPU and Windows 10 Pro
platform). The FSEOF procedure was implemented following the
procedure described in Choi et al. (2010) with some modifications.

i First, the reference fluxes (vjinitial) were calculated by maximiz-
ing the flux through the condition-specific biomass reaction.
For this calculation, the model was constrained with the exper-
imentally determined biomass composition, the remaining
environmental constraints (substrate consumption rates)
including the KFP-estimated fluxes and the calculated NGAM
costs. The optimum condition-specific growth was calculated
as indicated: maximize vbiomass subject to ∑N

ðj¼1ÞSijv j ¼ 0 and
vα

j ≤v j ≤v β
j , where vbiomass represents the biomass formation

rate, Sij is the stoichiometric coefficient of metabolite i in the
jth reaction, vj is the flux of the jth reaction, and vα

j and v β
j are

the lower and upper bounds of the flux of the jth reaction,
respectively. The optimum growth rate was subsequently
used to constrain the lower bound of the biomass reaction and
this was followed by minimization of the total flux, commonly
applied to reduce the set of possible solutions (Holzhütter,
2004; Sweetlove and George Ratcliffe, 2011; Colombié et al.,
2015) (implemented using the function [MinimizedFlux mode-
lIrrev]= minimizeModelFlux(model) of the COBRA Toolbox)
that can be expressed as: minimize k v0 k subject to
∑N

ðj¼1ÞSijv j ¼b and vα
j ≤v j ≤vβ

j , and vα
biomass ¼ vopt

biomass, where b
is the exchange flux vector, vα

biomass is the lower bound of the
biomass reaction and vopt

biomass is the optimum condition-speci-
fic growth rate.

ii Then, the theoretical maximum product (i.e. C18:1 and total
TAGs, produced by the SACPD and LBF reactions, respec-
tively) formation rates were calculated by FBA. This was done
by setting the objective function as maximizing the product
formation flux during the constraint-based flux analysis,
which can be formulated as follows: maximize vproduct subject
to ∑N

ðj¼1ÞSijv j ¼ 0 and vα
j ≤v j ≤v β

j , where vproduct, represents
the accumulation rate of either C18:1 or TAG. For the scenario
where the goal was to maximize the accumulation of both tar-
get metabolites, a Pareto optimality analysis was performed
to obtain the theoretical maximum for two objective functions
by simultaneously optimizing the two reactions leading to
the formation of the mentioned products, by implementing
the COBRA Toolbox function [ParetoFrontier] = compute
ParetoOptimality(A,’Rxn1’,’Rxn2’). Then, the Pareto frontier
was examined to select the theoretical maximum for both

reactions and the respective values were used to constrain
the lower bounds of SACPD and LBF.

iii Finally, FSEOF was carried out during the constraint-based
flux analysis under the objective function of maximizing cell
growth while the target metabolite production rate was set
(enforced) to a value similar to the respective theoretical max-
imum value. The process of enforcing the target metabolite
rates was done iteratively by initially constraining the rates to
the respective theoretical maximum values and, when the
biomass formation rate became zero, the rates were gradually
reduced until obtaining a feasible flux distribution.

To obtain the flux distribution after enforcing the target reac-
tions the following calculations were made: minimize kv0 k sub-
ject to venforced

product ¼vmax
product� vmax

product�n
� �

(where n ≤ 0.05), subject
to ∑N

ðj¼1ÞSijv j ¼bandvα
j ≤v j ≤vβ

j , and vα
biomass ¼ vopt

biomass where
venforced
product is the additional constraint provided during the con-

straint-based flux analysis to enforce the formation of the target
metabolites, which starts with the theoretical maximum value
vmax
product and, if the biomass formation rate became zero, the pro-

duct of the multiplication vmax
product�n is subtracted from vmax

product, in
an iterative process until obtaining a feasible flux distribution.

We examined a fourth scenario where in addition to the maxi-
mization of cell growth while the production rates of the target
metabolites were enforced, we made the pathway of storage lipid
degradation inoperative. In plants and yeast, the major pathway
for metabolic breakdown of FAs is β-oxidation occurring in peroxi-
somes (Graham, 2008; Theodoulou and Eastmond, 2012) or in the
glyoxysome as is the case of cells from seed endosperm (Quettier
and Eastmond, 2009; Barros et al., 2010). Before β-oxidation can
take place, storage lipids must be hydrolyzed, and the released
FAs must be transported to the peroxisome or glyoxysome. For
the hydrolysis of TAGs there are several enzymes identified with
lipase activity (i.e. SDP1, SDP1L and ATGLL) (Fan et al., 2014), and
for mobilization of FAs to this organelle a transporter (i.e. PXA1)
was identified (De Marcos Lousa et al., 2013). In this scenario, we
knocked out these two key processes, which has already been
evaluated as a successful integral engineering strategy to boost
TAG accumulation in plant seeds and leaves (Kelly et al., 2013;
Fan et al., 2014; van Erp et al., 2014; Vanhercke et al., 2017).

Subsequently, we selected the overexpression targets by identi-
fying the reactions whose fluxes increased upon the application of
the enforced objective flux without changing the direction of the
reaction. This can be formulated as: select vj that satisfies
jvmax

j j>jv initial
j jand vmax

j �vmin
j ≥0 where the vmax

j and vmin
j are the

maximum and minimum fluxes of the jth reaction calculated dur-
ing the FSEOF implementation by performing FVA.

Software availability

The scripts used for the modeling procedures and the data analy-
sis are available online at GitHub: https://github.com/marce2336/
JcLipidWorflow.
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