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Abstract

In silico metabolic modeling has enabled systematic study of complicated metabolic processes underlying phenotypes of organisms.
Modeling of plant metabolism is often hampered by the network complexity and lack of adequate knowledge. The existing
metabolic networks of cassava only cover broad metabolism and are not compartmentalized to truly represent metabolism in
photosynthetic tissues. To address the aforementioned limitations and develop a robust metabolic network, physiological and
genomic data derived from cassava and leaf models of Arabidopsis and rice were to extend the scope of the existing model. The
proposed compartmentalized network of metabolism in photosynthetic tissues of cassava, ph-MeRecon (photosynthetic-Manihot
esculenta Metabolic Pathway Reconstruction) was developed based on the information resulting of the comparative study of
multiple model plants and cassava genome. The ph-MeRecon covers primary carbon metabolism and comprises 461 metabolites,
550 reactions, and 1,037 metabolic genes. Enzymatic genes on the network were validated using RNA-expression data, and the
reactions and pathways were compartmentalized into cytoplasm, chloroplast, mitochondria, and peroxisome. To ensure network
connectivity, metabolic gaps were filled using gap reactions obtained from literature and metabolic pathway omnibus. In addition,
information on plant physiology, including photosynthetic light-dependent reactions, carboxylase and oxygenase activity of
RuBisCO enzyme, and phosphoenolpyruvate carboxylase enzyme activity was incorporated into ph-MeRecon to mimic cellular
metabolism in cassava leaves. Thus, ph-MeRecon offers a multi-level platform for system analysis of cellular mechanisms
underlying phenotypes of interest in cassava. The ph-MeRecon metabolic model is available at http://bml.sbi.kmutt.ac.th/ph-
MeRecon/.

Keywords: carbon metabolism, data-integrated pathway reconstruction, Manihot esculenta, metabolic pathway reconstruction,
photosynthetic metabolism, qualitative model.

Abbreviations: ph-MeRecon-d1_photosynthetic-Manihot esculenta Metabolic Pathway Reconstruction draft 1; ph-MeRecon-
d2_photosynthetic-Manihot esculenta Metabolic Pathway Reconstruction draft 2; ph-MeRecon_photosynthetic-Manihot esculenta
Metabolic Pathway Reconstruction. Abbreviations of metabolite name are provided in Supplementary data 1.

Introduction metabolic differences at cell and tissue levels, and varied

metabolic response to environmental change, only a few
Metabolism is a highly dynamic process and needs to exist for plants, such as Arabidopsis (Beckers et al., 2016; de
continuously adapt to prevailing environmental conditions Oliveira Dal’Molin et al., 2010a; Mintz-Oron et al., 2012),
to maintain homeostasis in organisms. In silico metabolic maize (Zea mays) (de Oliveira Dal’Molin et al., 2010b; Saha
modeling has enabled the characterization and prediction of et al,, 2011), and rice (Oryza sativa) (Lakshmanan et al,,
metabolic potential and behavior, thereby providing insight 2015; Lakshmanan et al., 2013). Metabolic modeling has
into how individual components cooperate to influence been employed to study metabolic adaptation to abiotic
cellular functions (Oberhardt et al., 2009; Raman and stress (Lakshmanan et al., 2016; Lakshmanan et al., 2013)
Chandra, 2009). To date, over 50 genome-scale metabolic and yield improvement in plants, e.g. oil and carbohydrate
models have been constructed in a broad range of syntheses in rapeseed (Hay and Schwender, 2011) and rice
organisms, from simple prokaryotes to complex eukaryotes (Shaw and Kundu, 2015), respectively. Regrettably, not
(Kim et al., 2012). However, due to the following difficulties: much is known about metabolism in cassava, a strategic
(i) lack of complete genome information, (ii) insufficient food security crop upon which many vulnerable households
knowledge about the metabolic network and missing in the tropics rely for daily calorie needs. Cassava (Manihot
components, (iii) duplication of metabolic pathways and esculenta) is one of the most important crops in this era and
transport of metabolites across compartments, (iv) feeds approximately 800 million people yearly (Howeler et
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al., 2013). It is recognized as king of starchy staple crops due
to the huge amount of starch synthesized and stored in its
roots. Research has sought to understand the metabolic
advantage of cassava over other crops in relation to starch
synthesis. Moreover, a comprehensive understanding of its
metabolism is crucial for developing high-yielding cultivars
that are resilient to climate change (Rossi et al., 2015). The
pathways of starch and sucrose metabolism in cassava were
first reported in 2007 and were based on full-length cDNA
expression (Sakurai et al., 2007). The release of the cassava
genome sequence has enabled a large-scale prediction of
enzymatic functions of proteins as well as their
corresponding metabolic reactions and pathways. The
extended metabolic pathways are available in the Plant
Metabolic Network (PMN) database (Schlapfer et al., 2017).
Comparative genomics approach, in addition, has made it
possible to evaluate the convergence and divergence of
metabolic pathways in cassava and evolutionarily related
plants, and has deepened our understanding of carbon
assimilation in cassava (Rongsirikul et al., 2010; Saithong et
al., 2013; Siriwat, 2012).

Reconstruction of metabolic network merely based on
metabolic components, i.e. enzymatic genes, reactions, etc.,
is inadequate. Given the multi-cellular nature of plants and
the many compartments therein, reconstruction of a robust
metabolic network entails compartmentalizing metabolic
components and ensuring network connectivity via gap
filling, besides incorporating information on plant physiology
and transporters. In this research, we studied the primary
carbon metabolism in cassava to understand the metabolic
processes relevant to biomass synthesis, i.e. carbohydrates,
proteins, fibers, and lipid. We propose a compartmentalized
metabolic model of cassava leaf cells, photosynthetic-
Manihot esculaenta Metabolic Pathway Reconstruction (ph-
MeRecon). The ph-MeRecon consists of 461 metabolites and
550 reactions associated with 1,037 metabolic genes.
Cassava enzymatic genes were identified through
comparative genomics approach, and were validated using
existing mRNA expression data (Wilson et al.,, 2017). The
constituent biochemical reactions were distributed into four
intracellular compartments: cytosol, chloroplast,
mitochondria, and peroxisome. In addition, our model
accounts for the extensive knowledge available for carbon
metabolism in cassava leaves, for which detailed metabolic
reactions were included to represent the far-most
understanding on the metabolic processes, involved in
photosynthetic electron transfer, carboxylation and
oxygenation of RuBisCO enzyme, role of
phosphoenolpyruvate carboxylase (PEPC) enzyme and starch
metabolism in leaves. Thus, ph-MeRecon marks a huge step
forward towards discovering new strategies for improving
cassava crop productivity via in silico metabolic modeling.

Results and discussion

A qualitative model of carbon metabolism in cassava
leaves

Primary carbon metabolism is the backbone of metabolic
processes essential for growth and maintenance of cellular
functions. In plants, it begins with the carbon fixation
pathway whereby atmospheric CO, is captured and
converted to cellular carbon substrate, which is utilized for
biomass synthesis through various pathways. The proposed
model begins with the fixation of atmospheric carbon, and
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covers the biosynthesis of carbohydrates (starch, sucrose,
fructose and glucose), fibers (cellulose and xylan), eighteen
amino acids, and palmitic acid (Supplementary Table 1),
biomass components of cassava leaves as reported by
Montagnac et al. (2009). Thus, ph-MeRecon covers the
photosynthetic light reaction, Calvin cycle, respiration
(glycolysis, tricarboxylic acid (TCA) cycle, oxidative
phosphorylation, and fermentation), pentose phosphate
pathway (PPP), photorespiration, starch and sucrose
metabolism, and anabolic pathways of amino acids, fatty
acid, fibers, and nucleic acids. First, as outlined in
Supplementary Figure 1, the network was reconstructed
based on biochemical reactions derived from the genome-
based pathway of carbon metabolism in cassava, MeRecon
(Siriwat, 2012). Next, the 129 biochemical reactions (Figure
1) common in the rice (Lakshmanan et al, 2015;
Lakshmanan et al.,, 2013) and Arabidopsis leaf models
(Beckers et al., 2016; de Oliveira Dal’Molin et al., 2010a;
Mintz-Oron et al., 2012; Saha, et al., 2011) were added, to
reflect the metabolism in photosynthetic tissues.
Additionally, 47 reactions overlapping two of the leaf
models, at least, were added to fully connect the common
reactions to MeRecon. The added reactions (common and
partially overlapping) were confirmed by the existence of
the corresponding enzymatic genes in cassava genome. The
preliminary draft of carbon metabolism in cassava leaves
(ph-MeRecon-d1) thus consists of 321 biochemical reactions
and 1,029 metabolic genes of cassava, representing an
additional 65 reactions and 198 genes (Figure 2A and
Supplementary Table 2). To ensure that ph-MeRecon-d1
could represent the metabolism in cassava leaves, the
expression of genes responsible for each biochemical
reaction was investigated using transcriptome data from 3-
months old cassava leaf tissues (Wilson et al., 2017). Only
genes that were expressed in at least two of the three
profile replicates were selected. In total, 95 percent of genes
in the model (974 of 1,029 genes), corresponding to all
metabolic reactions, were validated. Subsequently, the
biochemical reactions in ph-MeRecon-d1 were
compartmentalized into cytosol [c], chloroplast [p],
mitochondria [m], and peroxisome [x], based on the signal
peptide region of the enzymatic protein sequences and
literature (Buchanan et al., 2015) (Figure 2B). The glycolysis
pathway, pentose phosphate pathway, sucrose metabolism,
and primary cell wall metabolism were located in cytosolic
compartment;  the photosynthetic light-dependent
reactions, Calvin-Benson cycle, starch metabolism, and fatty
acid metabolism were assigned to chloroplast; the TCA cycle,
oxidative phosphorylation, and photorespiration were
located in mitochondria; while metabolic reactions related
to the photorespiration pathway were in peroxisome.
Afterwards, transport reactions were assigned to relevant
metabolites in order to enhance connectivity across
subcellular compartments. In total, 106 intracellular
transport reactions and 41 exchange reactions were
assigned to convey 84 metabolites across subcellular and
plasma membranes, respectively (Figure 2D).

Following the compartmentalization, ph-MeRecon-d2 was
screened for metabolic gaps using GapFind and
detectDeadEnds algorithms. Nine gap metabolites were
found, of which three could not be produced by any reaction
in the network (root no-production) and six could not be
consumed by any reaction in the network (root no-



consumption). The gaps were filled using three enzymatic,
two spontaneous, and two transport reactions. The genes of
the gap reactions were found in the cassava genome,
supporting the occurrence of the reactions in cassava
metabolism.

Supplementary Figure 2 shows an example of the gap filling

process for the gap metabolites, (S)-1-Pyrroline-5-
carboxylate and L-glutamate 5-semialdehyde. (S)-1-
Pyrroline-5-carboxylate was identified as ‘root no-
production’ gap metabolite, whereas L-glutamate 5-

semialdehyde was noted as ‘root no-consumption’ gap
metabolite (Supplementary Figure 2A). These gap
metabolites were connected by adding a spontaneous
reaction (KEGG ID R03314) reported to catalyze L-Glutamate
5-semialdehyde to (S)-1-Pyrroline-5-carboxylate in the
proline biosynthesis pathway in Arabidopsis (de Oliveira
Dal’'Molin et al.,, 2010a; Saha et al., 2011) and rice
(Lakshmanan et al., 2015), as shown in Supplementary
Figure 2B. Finally, the atomic mass of reactions was
balanced, resulting in ph-MeRecon.

The ph-MeRecon consists of 550 reactions, 1,037 unique

enzymatic genes, and 461 metabolites (Figure 2C,
Supplementary Table 3 and available at
http://bml.sbi.kmutt.ac.th/ph-MeRecon/). The reactions

(550) comprise 399 enzymatic reactions, 2 spontaneous
reactions, 108 intracellular transport reactions, and 41
exchange reactions and were assigned to cytosol (139),
chloroplast (203), mitochondria (46), and peroxisome (11)
(Figure 2D). All the biochemical reactions in the model were
fully supported by the genome and expression information.
However, the transport and exchange reactions were
determined based on gene annotation and minimum
number of metabolite transporters that are required to
activate the enzymes with known localization in the
compartments (de Oliveira Dal’'Molin and Nielsen, 2013).
Moreover, they were required by the network for the
transfer of energy and metabolite precursors. These criteria
were adopted in all compartmentalized models published to
date (e.g. Poolman et al., 2009; Lakshmanan et al., 2013).
Given the limited information on plant-specific transporters
and the challenge of performing experimental validation,
quantitative modeling of metabolic pathways could help
reduce excessive prediction of transport reactions in
compartmentalized models (Thiele and Palsson, 2010). The
examples of the approach present in various model
development studies, including Beckers et al., 2016; de
Oliveira Dal’Molin et al., 2010a; Lakshmanan et al., 2013;
Poolman et al., 2013; Poolman et al., 2009; Saha et al., 2011.

The ph-MeRecon: a representative model of primary
carbon metabolism in cassava leaves

The ph-MeRecon model was reconstructed mainly based on
cassava genome information, and the metabolic information
on leaf tissues of template plant models (see Method). Here,
the specificity of ph-MeRecon to represent primary carbon
metabolism in cassava leaves was assessed. The ph-
MeRecon was compared with the Arabidopsis genome-scale
metabolic model —AraGEM (de Oliveira Dal’Molin et al.,
2010a), Arabidopsis iRS1597 model (Saha et al.,, 2011),
Arabidopsis leaf model (Beckers et al., 2016), rice leaf model
(Lakshmanan et al., 2013), and tomato leaf model (Yuan et
al., 2016), with respect to model characteristics.
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The ph-MeRecon is unique, containing more biochemical
reactions and metabolites than the rice leaf model but less
compared to three Arabidopsis leaf models (Table 1).
However, due to difference in model scope, the biochemical
reactions and metabolites in the other three models
(AraGEM, iRS1597, and tomato models) are considerably
higher. Of the non-redundant reactions in all models under
comparison, 14 unique reactions were found in ph-MeRecon
— specifically, in the amino acid biosynthesis, starch and
sucrose metabolism, and nucleotide biosynthesis pathways
(Supplementary Table 4). The uniqueness of the reactions
reflects the diversity of metabolic pathways, regarding
precursor biosynthesis (Collakova et al., 2012; Dandekar et
al., 1999) and could be indicative of model complexity.
Notwithstanding, 75-90.2 percent of reactions in ph-
MeRecon were found in the three Arabidopsis models
(Figure 3 A-C), and about 53 percent were found in the rice
model (Figure 3D), indicating a highly conserved metabolic
network (Peregrin-Alvarez et al., 2009). Taken together,
approximately 43.2 percent of reactions in ph-MeRecon
were shared by all four leaf models, representing 30 of 67
reactions in the respiration pathway, 7 of 23 reactions in
carbohydrate metabolism, and 71 of 98 reactions in amino
acid metabolism found in ph-MeRecon. In addition, the
photosynthesis and photorespiration pathways of the
models were highly conserved. The higher percentage of
shared reactions between ph-MeRecon and Arabidopsis
models (75-90.2%), compared with the rice model (53%) is
probably due to evolutionary relatedness; cassava and
Arabidopsis are both eudicots, whereas rice is a monocot
(Considine et al., 2002; lwamoto et al., 1998).

Key features of ph-MeRecon to mimic carbon metabolism
in cassava leaves

We proposed the first compartmentalized metabolic model
of primary carbon metabolism in cassava leaves, ph-
MeRecon. The metabolic information incorporated into the
model enabled a qualitative representation of the entire
primary carbon metabolism in cassava leaves, underlying
physiological behavior. Specifically, the model represents
metabolic processes reported for cassava, such as (1)
photosynthesis light-dependent reaction in terms of
photosynthetic electron transport and ATP synthesis, (2)
carboxylation and oxygenation of RuBisCO enzyme, (3) role
of phosphoenolpyruvate carboxylase (PEPC) enzyme in
cassava metabolism, and (4) starch biosynthesis and
degradation in leaf carbon metabolism (Figure 4).

Photosynthesis light-dependent reaction

Photosynthesis is one of the main metabolic processes in
leaf tissues and is basically composed of two parts: light
dependent and light independent reactions (carbon fixation
process). Not all of the available metabolic models of leaves
could represent the complete photosynthesis processes (e.g.
metabolic model of Arabidopsis (de Oliveira Dal’'Molin et al.,
2010a) and rice leaf cell (Lakshmanan et al., 2013)), but ph-
MeRecon does. The ph-MeRecon was reconstructed by
taking into account that the light-dependent reactions are
critical to photosynthesis.



Table 1. Comparison of model characteristics of ph-MeRecon and the existing metabolic models of plant leaves. Cellular compartments: cytosol (c), mitochondria (m), chloroplast (p),

peroxisome (x), vacuole (v).

Cellular

Model Scope of network compartments No. of genes NO'AOf No. of No. of transport. and
c m p x reactions metabolites exchange reactions
ph-MeRecon Primary metabolism ® 6 6 o 1,037 550 461 149
AraGEM
Pri taboli 1,419 1,567 1,748 99
(de Oliveira Dal’Molin et al., 2010a) rimary metabolism ® o 00 ’ ! ’
Arabidopsis iRS1597 model . .
(Saha et al,, 2011) Primary metabolism ® 6 6 o 1,597 1,798 1,820 99
Arabidopsis leaf model . .
1 11 2
(Beckers et al,, 2016) Primary metabolism ® 6 0 ©o ,567 5 47 46
Rice leaf model . .
(Lakshmanan et al,, 2013) Primary metabolism ® 6 o 1,096 326 371 91
Tomato leaf model Pri d
omato feaf mode pmaryan e o o0 o 3,410 1,885 1,998 258

(Yuan et al., 2016)

secondary metabolism

Fig 1. A Venn diagram illustrating the metabolic reactions found in the six plant-leaf models. The intersection of all six datasets (highlighted in yellow) denotes the common metabolic

reactions (129) of the photosynthetic system.

.

»

D AraGEM model (1,386 reactions)
(de Oliveira Dal"Molin et al., 2010a)

D Arabidopsis iRS1597 model D
(1,604 reactions) (Saha et al., 2011)

Arabidopsis model for specific tissue
(732 reactions) (Mintz-Oron et al,, 2012)
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Arabidopsis leaf model (411 reactions)

(Beckers et al., 2016)

Primary metabolism of rice (228 reactions)
(Lakshmanan et al., 2013)

Primary and secondary metabolism of rice
(1,237 reactions) (Lakshmanan et al., 2015)
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Fig 2. Schematics of the metabolic network in cassava leaves after each reconstruction step. (A) The major pathways of primary metabolism in first drafted metabolic
network, ph-MeRecon-d1, are listed in blue. The red arrows represent the exchange reactions for nutrients and biomass components. (B) For ph-MeRecon-d2, the
subcellular compartments and the number of constituent reactions are shown in bold. Numbers in black arrow show the transport reactions across membranes and
cytosol. (C) For reconstructed ph-MeRecon, the sub-pathways in are represented in blue rectangles. Cell biomass components are highlighted in orange. (D)
Characteristics of the ph-MeRecon reconstructive phase and the distribution of reactions and metabolites across compartments: (c) cytosol, (p) chloroplast, (m)
mitochondria, and (x) peroxisome. “Transport across plasma membrane, chloroplast envelope membrane, mitochondrial membrane, and peroxisome membrane.
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Fig 3. Differences in pathways and biochemical reactions between ph-MeRecon and published leaf models. The comparison was performed based on number of KEGG
reaction IDs in the model structure between ph-MeRecon and: (A) AraGEM model (de Oliveira Dal’'Molin et al., 2010a), (B) Arabidopsis iRS1597 model (Saha et al., 2011),
(C) Arabidopsis leaf metabolic model (Beckers et al., 2016), and (D) rice leaf cell (Lakshmanan et al., 2013). Numbers in the Venn diagrams denote the biochemical
reactions of ph-MeRecon and the other leaf models. Numbers in black arrow show the transport reactions across membranes and cytosol. The red arrows represent the
exchange reactions. AMI: Amino acid metabolism, AMIO: Metabolism of other amino acids, BUT: Butanoate metabolism, CAL: Calvin cycle (carbon fixation), CEL: Cell wall
metabolism, COF: Cofactors and vitamin metabolism, FAT: Fatty acid metabolism, GABA: GABA shunt pathway, GLYC: Glycan metabolism, GLYO: Glyoxylate and
dicarboxylate metabolism, NIT: Nitrogen metabolism, NUC: Nucleotide metabolism, PHO: Photosynthesis light reactions, PRES: Photorespiration pathway, PRO:
Propanoate metabolism, RES: Respiration pathway, SEC: Secondary metabolism, STA: Starch metabolism, SUC: Sucrose metabolism, SUL: Sulfur metabolism, TER:
Metabolism of terpenoids and polyketides.
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Complex reactions in
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(Figure 5)

Photorespiration

ph-MeRecon modeled by :

Adjustable affinity of RuBisCO
enzyme to CO, and O,
(Figure 6)

Contain activities of
PEP carboxylase
ph-MeRecon modeled by :

including reaction where PEPC
enzyme functions
(reaction R00345)

Metabolism of leaf starch

NN

ph-MeRecon modeled by :

catabolic and anabolic pathway
of leave starch
(Figure 7)

Fig 4. Key modelling features of the carbon metabolism in cassava leaves, ph-MeRecon.
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(1) RO9503, H,O:plastoguinone reductase (PSII), EC 1.10.3.9;
2 H,0 + 2 plastoquinone + 4 photon <=> O, + 2 plastoquinol + 4 pumped H”
(2) RO3817, plastoquinol:oxidized-plastocyanin oxidoreductase (Cyt bgf), EC 1.10.9.1;
plastoquinol + 2 oxidized plastocyanin + 2 H" <= plastoquinone + 2 reduced plastocyanin
+ 4 pumped H
(3) R09542, plastocyanin:ferredoxin oxidoreductase (PSI). EC 1.97.1.12;
reduced plastocyanin + oxidized ferredoxin + photon <=> oxidized plastocyanin +
reduced ferredoxin
(4) RO1195, Ferredoxin:NADP+ reductase (FNR), EC 1.18.1.2;
2 reduced ferredoxin + NADP* + H® <=> 2 oxidized ferredoxin + NADPH
(5) RO0086, ATP synthase, EC 3.6.3.14;
ADP + Orthophosphate + 4 pumped H+ <=> ATP + H,0 + 3 H'
Reaction [D 9, ferredoxin-plastoguinone reductase (FQR):
2 reduced ferredoxin + plastoguinone -= 2 oxidized ferredoxin + plastoquinol
(7) Reaction 1D 10, NAD(P)H dehydrogenase, EC 1.6.5.2;
plastoquinone + NADH + H" <== plastoquinol + NAD*

I

Fig 5. Photosynthetic light-dependent reactions as modelled by ph-MeRecon. (A) Scheme of linear photophosphorylation in the metabolic network reconstruction of
cassava leaves. The numbers refer to individual protein complexes in (B). (B) List of model reactions involved in linear chain, cyclic photophosphorylation, and ATP
synthase. PQ, Plastoquinone; PQH,, Plastoquinol; PC, Plastocyanin; Fd, Ferredoxin.
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1,4-Glucany,, + ADP-Glucose <=> 1,4-Glucan,,, + ADP
(15)1,4-o-glucan branching enzyme, EC 2.4.1.18;

Phosphate

Fig 7. Starch metabolism in the ph-MeRecon model. (A) scheme of starch metabolism in the ph-MeRecon model. The numbers refer to consecutive reactions in (B). (B)

List of biochemical reactions, enzyme names, and corresponding EC number.

The light-dependent reactions occur once pigment
molecules in leaves absorb photon (hv) of visible light. The
excited electrons are transferred through a series of integral
membrane protein complexes, resulting in photosynthetic
electron transport reactions that yield energy for carbon
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fixation process. In higher plants, photosynthetic electron
transport involves both a linear electron flow (LEF) and a
cyclic electron flow (CEF). LEF requires photosystem Il (PSll),
Cytochrome bgf complex (Cyt bgf), Photosystem | (PSI), and
ferredoxin-NADP+ reductase (FNR). CEF proceeds either via



(1) the NAD(P)H-dehydrogenase (NDH)-dependent pathway,
or (2) ferredoxin-dependent pathway, employing ferredoxin-
plastoquinone reductase (FQR), involved in the PGR5-PGRL1
protein complex (Johnson, 2011; Suorsa et al., 2016).
Although there is no extensive study about cyclic electron
transfer system in cassava to-date, homologous sequences
associated to cyclic electron transfer were identified in
cassava genome by comparative analysis with PGR5/PGRL1
and NAD(P)H-dehydrogenase genes of Arabidopsis and rice
(Suorsa et al., 2016; Yamori et al., 2016). The existence of
the reactions and pathway in cassava leaves was also
supported by the expression evidence of genes related to
PGR5/PGR1 and NDH-dependent pathways. The light-
dependent reactions employed in ph-MeRecon were based
on relevant metabolic reactions obtained from published
plant metabolic models (Beckers et al., 2016; Simons et al.,
2014; Yuan et al., 2016) and metabolic omnibus (i.e. KEGG
and PMN), as shown in Figure 5. To represent the electron
transfer process in ph-MeRecon (Figure 5A), individual
protein-complexes were assumed to be biochemical
reactions (Figure 5B) that occur inside chloroplast. Protons
(H") that are pumped from chloroplast stroma to thylakoid
lumen during electron transportation were denoted as
pumped H" molecules within chloroplast. ATP synthase
complex reaction was assumed to generate ATP from the
pumped H®. Reactions and corresponding genes of the
modelled photosynthetic electron transfer are listed in
Supplementary Table 5.

Carboxylation and oxygenation of RuBisCO enzyme

The ph-MeRecon was reconstructed to reflect the substrate
selection of RuBisCO (Ribulose-1,5-bisphosphate
carboxylase/oxygenase; KEGG reaction ID R00024, EC
number 4.1.1.39) in leaves of C; plants. Enzyme RuBisCO is
able to catalyze RuBP through both the carboxylation (CO,
fixation) and the oxygenation (O, fixation) processes (Taiz
and Zeiger, 2002). The kinetic parameters of RuBisCO in
cassava is reportedly similar to C; species (El-Sharkawy,
2003), but there is no information on the carboxylation-to-
oxygenation (V¢/V, ratio for cassava to date. To present the
physiological function of RuBisCO under normal condition,
the reaction was modeled using a V/V, ratio of 3:1, based
on the published rice model (Lakshmanan et al., 2013). The
oxygenation and carboxylation functions of enzyme RuBisCO
in the ph-MeRecon was represented as:

4 RuBP + 0, + 3C0, + 3H,0 - 2PG + 7G3P

In addition, the ph-MeRecon contains the photorespiration
pathway essential for recycling 2-Phosphoglycolate, a
product of the oxygenation of RuBP by RuBisCO, to the
Calvin cycle (Taiz and Zeiger, 2002). In general, the
photorespiration  process  operates  across three
compartments: chloroplast, peroxisome, and mitochondria.
The relevant genes for the photorespiratory process in
cassava were identified and incorporated into the ph-
MeRecon pathway (Figure 6).

Role of phosphoenolpyruvate carboxylase (PEPC) enzyme in
cassava metabolism

The role of phosphoenolpyruvate carboxylase (PEPC)
enzyme in cassava metabolism was also captured in ph-
MeRecon. Phosphoenolpyruvate carboxylase enzyme (PEPC;
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E.C. 4.1.1.31) is recognized as a key enzyme in C, plant
species. Unusually high PEP carboxylase activity was found in
cassava (about 10-25% of C,-PEPC), although it lacks the leaf
Kranz anatomy typical for C, plants (EI-Sharkawy, 2003). The
high expression of the genes of PEPC enzyme in cassava,
under different growth conditions, supports its function in
cassava metabolism (El-Sharkawy et al., 2008). Accordingly,
the R00345 reaction was added to the cytosolic pathway of
ph-MeRecon to represent its C3 and C, physiology.
Pi + OAA & PEP + HCO;~

Starch biosynthesis and degradation
metabolism

in leaf carbon

The ph-MeRecon covered the metabolism of starch
anabolism and catabolism that generally occur in leaf tissue.
During day time, transitory starch is synthesized as a product
of photosynthesis and is in turn degraded to sucrose, which
is allocated to sink tissues at night (Kotting et al., 2010;
Orzechowski, 2008). Starch metabolism in leaves have been
extensively studied in Arabidopsis (Streb and Zeeman, 2012),
but to a limited extent in cassava (Rongsirikul et al., 2010;
Saithong et al., 2013). To incorporate the information on
starch metabolism in cassava leaves, the ph-MeRecon was
reconstructed using existing metabolic reactions and
associated genes (Kotting et al., 2010; Rongsirikul et al.,
2010; Saithong et al., 2013; Zeeman et al., 2010). The starch
and sucrose metabolism in ph-MeRecon (Figure 7) represent
a more realistic pathway of starch metabolism in cassava
leaves; the reactions and corresponding genes are listed in
Supplementary Table 6.

In conclusion, steps such as network compartmentalization,
reaction stoichiometric balance, and network connectivity
analysis are crucial to the reconstruction of a high-quality
genome-scale metabolic network (Thiele and Palsson, 2010).
The proposed metabolic pathway model of carbon
metabolism in cassava leaves — ph-MeRecon, the first of its
kind, is robust and better represents carbon metabolism in
cassava than hitherto existing models. Compared with the
metabolic pathways of cassava available in the PMN public
database (Schlapfer et al., 2017), ph-MeRecon is
compartmentalized, fully connected, and took into account
information on the metabolic pathways in leaves. In
addition, reactions in ph-MeRecon were validated using RNA
expression data. Given its robustness, ph-MeRecon is a
promising tool for the quantitative modeling of carbon
metabolism in cassava leaves at different growth stage and
environment. It offers a computation-ready platform for
modeling the dynamics in plant metabolism.

Materials and methods
Data resources

The ph-MeRecon was constructed by integrating the
genomic information and biochemical reactions of cassava,
Arabidopsis, and rice into the genome-based pathway of
primary metabolism in cassava, MeRecon (Siriwat, 2012).
The genomic information of cassava and rice were taken
from Phytozome database (Manihot esculenta protein
annotation version 6.1 and Oryza sativa protein annotation
version 7.0, https://phytozome.jgi.doe.gov/pz/ portal.html),
and the genomic information of Arabidopsis was obtained


https://phytozome.jgi.doe.gov/pz/%20portal.html

from The Arabidopsis Information Resource (TAIR version
10, https://www.arabidopsis.org/). Data on the biochemical
reactions involved in photosynthetic carbon metabolism and
associated genes were obtained from the six leaf models —
four models of Arabidopsis (Beckers et al., 2016; de Oliveira
Dal’Molin, et al., 2010a; Mintz-Oron et al., 2012; Saha et al.,
2011) and two models of rice (Lakshmanan et al.,, 2015;
Lakshmanan et al., 2013). The missing associated genes of
enzymes were obtained from the metabolic databases,
Kyoto Encyclopedia of Genes and Genomes (KEGG,
https://www.genome.jp/kegg), and Plant metabolic network
(PMN, https://www.plantcyc.org/). The stoichiometry and
reversibility potential of each reaction was inferred from
KEGG, BRENDA (https://www.brenda-enzymes.org/), and
MetaCyc (https://metacyc.org/) databases. For the
transcriptomic data, RNA expression of 3-month-old leaf
tissues of cultivar TME204 (NCBI Accession No. GSE82279)
was obtained from Wilson et al. (2017).

Pathway reconstruction

The ph-MeRecon was initially reconstructed using genomic

data, including cassava-enzymatic genes, Enzyme
Commission (EC) numbers, and metabolic reactions
proposed in the genome-based pathway of carbon

metabolism in cassava, MeRecon (Siriwat, 2012)
(Supplementary Figure 1). Then, the common metabolic
reactions in the six leaf models were added. In addition,
some overlapped reactions, in at least two leaf models, were
added to fully connect the common reactions to MeRecon.
Subsequently, the metabolic genes relevant to common
metabolic reactions were used to identify the responsible
homologous enzymatic genes in cassava genome, to ensure
their availability in cassava metabolism. The enzymatic
protein sequences were obtained from published metabolic
models of Arabidopsis and rice, when available. Otherwise,
the missing protein sequences were obtained from
metabolic database omnibus; KEGG and PMN. To identify
the homologous enzymatic genes of cassava, enzymatic
protein sequences were compared against the cassava
protein library through bidirectional BLAST (Bredeson et al.,
2016) using the following criteria: (1) E-value < 1x10™°, (2)
identity percentage =60, and (3) coverage percentage > 80.
The common reactions in leaf metabolism were, then,
integrated into the pre-existing genome-based pathway, i.e.
MeRecon, to construct the first draft of ph-MeRecon — ph-
MeRecon-d1. Afterwards, ph-MeRecon-d1 was verified using
cassava transcriptome data (NCBI Accession No. GSE82279)
(Wilson et al., 2017). The paired-end reads were mapped to
the cassava reference genome version 6.1 provided on the
Phytozome database using the STAR aligner (Dobin et al.,
2013), and the expression level was calculated using the
Cufflinks tool (Trapnell et al., 2010).

Pathway compartmentalization

Subcellular location(s) of enzymes was predicted based on
the signal peptide region of the enzymatic protein
sequences. The prediction was performed using the ilLoc-
Plant classifier (Wu et al., 2011). The biochemical reactions
in ph-MeRecon-d1 were subsequently compartmentalized
into cytosol [c], chloroplast [p], mitochondria [m] and
peroxisome [x] resulting in the second draft network, ph-
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MeRecon-d2. All reactions assigned to subcellular
compartments were curated with the published metabolic
models of the representative plants (de Oliveira Dal’Molin et
al.,, 2010a; Hay and Schwender, 2011; Lakshmanan et al.,
2015; Lakshmanan et al., 2013; Mintz-Oron et al., 2012; Saha
et al., 2011; Yuan et al., 2016) and the existing evidence in
literature (Buchanan et al.,, 2015). Intracellular transport
reactions were assigned to metabolites that are required to
move between compartments, based on the metabolic
networks of the representative plants (de Oliveira Dal’'Molin
et al., 2010a; Hay and Schwender, 2011; Lakshmanan et al.,
2015; Lakshmanan et al., 2013; Mintz-Oron et al., 2012; Saha
et al., 2011; Yuan et al., 2016) and literature (Buchanan et
al., 2015).

Pathway curation

Following the compartmentalization, the reconstructed
pathway, ph-MeRecon-d2, underwent connectivity analysis
using detectDeadEnds and gapFind functions in the COBRA
toolbox v2.0, MATLAB (version 7.13; MathWorks, Inc.)
(Schellenberger et al., 2011). Gap metabolites that could not
be produced or consumed in the metabolic network were
identified and used to predict the gap reactions based upon
metabolic networks of the published plant models (Beckers
et al., 2016; de Oliveira Dal’Molin et al., 2010a; Lakshmanan
et al.,, 2015; Lakshmanan et al., 2013; Mintz-Oron et al.,
2012; Pilalis et al., 2011; Saha et al., 2011; Yuan et al., 2016)
and available information in public databases (e.g. KEGG and
PMN). The manual curation and network refinement were
iteratively performed until no gap was found. In addition,
each reaction in the compartmentalized metabolic network
was manually curated for reversibility, stoichiometry, and
mass balance. The reversibility potential of each reaction
was defined primarily based on Buchanan et al. (2015) and
metabolic network omnibus (e.g. KEGG, BRENDA, and PMN).
For reaction stoichiometry, the data was inferred from KEGG
and MetaCyc databases. Finally, the pathway atomic balance
in relation to hydrogen, carbon, oxygen, phosphorus, sulfur,
and nitrogen, was checked and corrected using
checkMassChargeBalance function in COBRA toolbox v3.0 on
MATLAB platform.

Conclusion

Metabolic network offers a simplified view of complex
biological processes occurring at the system level. It also
provides a highly mathematical, structured platform that
enables the understanding of molecular mechanisms that
underlie the physiology of organisms. The ph-MeRecon, a
metabolic network of primary carbon metabolism in cassava
photosynthetic tissues, was constructed by incorporating
genomic data, physiological data and biochemical reactions
of cassava, Arabidopsis, and rice into the genome-based
pathway of primary metabolism in cassava. The
reconstructed model consists of 461 metabolites and 550
reactions distributed in four cellular compartments: cytosol,
chloroplast, mitochondria, and peroxisome. Through
comparative genomics approach, 1,037 cassava genes


https://www.arabidopsis.org/
https://www.genome.jp/kegg
https://www.plantcyc.org/
https://www.brenda-enzymes.org/
https://metacyc.org/

(3.14% of total protein-coding genes in the genome) were
identified as enzymatic genes that function in primary
carbon metabolism. More than 95 percent of entire
enzymatic genes were validated using RNA-expression data
of cassava leaf tissues. The reconstructed pathway well-
illustrates the physiological function of carbon metabolism
in cassava leaves and provides a platform for omics data
integration and systematic analysis of properties and
capabilities of metabolic networks. Ultimately, it may
facilitate crop improvement by indicating strategies for
enhancing the photosynthetic capacity of cassava crop.
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