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A B S T R A C T

Completeness and accuracy of metabolic mapping models impacts the reliability of flux estimation in photo-
autotrophic systems. In this study, metabolic fluxes under photoautotrophic growth conditions in the widely-
used cyanobacterium Synechocystis PCC 6803 are quantified by re-analyzing an existing dataset using genome-
scale isotopic instationary 13C-Metabolic Flux Analysis (INST-MFA). The reconstructed carbon mapping model
imSyn617 and implemented algorithmic updates afforded an approximately 48% reduction in computation time.
The mapping model encompasses 18 novel carbon paths spanning Calvin-Benson-Bassham cycle, photo-
respiration, an expanded glyoxylate metabolism, and corrinoid biosynthetic pathways and 190 additional me-
tabolites absent in core models currently used for MFA. Flux elucidation reveals that 98% of the fixed carbons is
routed towards biomass production with small amounts diverted towards organic acids and glycogen storage.
12% of the fixed carbons are oxidized to CO2 in the TCA cycle and anabolic reactions in peripheral metabolism.
Flux elucidation using instationary MFA reveals that these carbons are not re-fixed by RuBisCO and are instead
off-gassed as CO2. A newly discovered modality is the bifurcated topology of glycine metabolism using parts of
photorespiration and the phosphoserine pathways to avoid carbon losses associated with glycine oxidation. The
TCA cycle is shown to be incomplete with a bifurcated topology. Inactivity of futile cycles and alternate routes
results in pathway usage and (in)dispensability predictions consistent with experimental findings. The resolved
flux map is consistent with the maximization of biomass yield from fixed carbons as the cellular objective
function. Flux prediction departures from the ones obtained with the core model demonstrate the importance of
constructing mapping models with global coverage to reliably glean new biological insights using labeled
substrates.

1. Introduction

Metabolic engineering of photosynthetic organisms is aimed at the
sustainable bioconversion of abundant and inexpensive substrates such
as sunlight and CO2 into valuable products such as biomass (Maurino
and Weber, 2013), biofuels (Atsumi et al., 2009), and secondary me-
tabolites (Giuliano, 2014). The efficacy of metabolic engineering in-
terventions is evaluated by measuring internal fluxes via 13C-Metabolic
flux analysis (13C-MFA) methods (Metallo et al., 2009; Sauer, 2006;
Tang et al., 2009). These methods determine the intracellular flux
distributions consistent with experimentally measured metabolite la-
beling distributions given a stable-isotope-labeled input carbon sub-
strate (Zomorrodi et al., 2012). Having CO2 as the only carbon substrate
in cyanobacterial photoautotrophic metabolism, implies uniformity of
metabolite labeling distributions under isotopic steady-state (Shastri
and Morgan, 2007). As a consequence of this, flux elucidation under

photoautotrophic conditions requires transient labeling experiments
and aims to recapitulate metabolite labeling dynamics in addition to
steady-state labeling distributions (Young et al., 2008). While this ap-
proach presents the opportunity to address key questions pertinent to
cyanobacterial metabolism such as (i) completion of the TCA cycle, (ii)
utilization of the photorespiratory pathway, (iii) existence of the
glyoxylate shunt, and (iv) carbon fixation efficiency, experimental and
computational challenges have so far restricted wide applicability re-
sulting in a limited number of isotopic instationary MFA (INST-MFA)
studies. These include a demonstration of sub-optimal carbon in-
corporation in Synechocystis PCC 6803 (hereafter Synechocystis) (Young
et al., 2011) and assessment of TCA cycle functionality (Xiong et al.,
2015) using a simplified central metabolic model. Other studies aimed
at capturing the metabolic response to nitrogen depletion (Hasunuma
et al., 2013) and essentiality of the photorespiratory pathway (Huege
et al., 2011) only obtained split ratios using fractional labeling and
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turnover of metabolites as opposed to network-wide fluxes. Targeted
flux ratio elucidation in any labeling experiment is vulnerable to errors
arising from distal influences (Gopalakrishnan and Maranas, 2015a;
McCloskey et al., 2016; Suthers et al., 2007). Moreover, ignoring pre-
existing (unlabeled) carbon pools upon reaction lumping in core me-
tabolic models causes the artificial acceleration of labeling dynamics
leading to significant disagreements between model predictions and
experimental data (Noh and Wiechert, 2011). Furthermore, pool sizes
are often not measured despite being co-estimated with fluxes, resulting
in poor resolution of most metabolite pools sizes. These factors are
likely to bias the analysis of labeling data using core metabolic models,
motivating the re-analysis of metabolite labeling dynamics obtained
during transient labeling experiments using a genome-scale metabolic
mapping (GSMM) model.

The accuracy of flux estimation using a GSMM model is contingent
on the curation of the base genome-scale metabolic (GSM) model. The
GSM model for Synechocystis iSyn731 (Saha et al., 2012) accurately
predicts 95% of the available gene (non)essentiality data which is better
than the prediction capability of the iAF1260 model for E. coli
(Zomorrodi and Maranas, 2010). This safeguards against incorrect flux
inference arising from omission of too permissive inclusion of reactions
in the model (Gopalakrishnan and Maranas, 2015a). With the avail-
ability of a curated GSM model and transient metabolite labeling dis-
tributions (Shastri and Morgan, 2007), (i) the construction of a genome-
scale metabolic mapping (GSMM) model and (ii) scalability of existing
algorithms become the bottlenecks for successful flux elucidation at the
genome-scale (Gopalakrishnan and Maranas, 2015b). In addition to the
carbon paths contained within core models (Abernathy et al., 2017;
Alagesan et al., 2013; Feng et al., 2010; Yang et al., 2002a, 2002b,
2002c; You et al., 2014; Young et al., 2011; Zhang and Bryant, 2011),
the GSMM model affords expanded pathway coverage to include
glyoxylate metabolism, completion of the TCA cycle, and recycling of
by-products of peripheral metabolism such as CO2, formate, glycolate
and acetate. While the most reliable source of atom mapping data is by
directly tracing the reaction mechanism, it is not available for most
reactions, thus requiring the use of computational procedures such as
MCS (Chen et al., 2013), PMCD (Jochum et al., 1980), EC (Morgan,
1965), MWED (Latendresse et al., 2012), and CLCA (Kumar and
Maranas, 2014) to infer plausible mappings. Simulation of labeling
distributions for a given flux distribution is performed via integration of
a system of ordinary differential equations (ODEs) (Noh et al., 2006;
Young et al., 2008) upon decomposition of the mapping model using
frameworks such as cumomers (Wiechert et al., 1999) or Elementary
Metabolite Units (EMUs) (Antoniewicz et al., 2007). Fluxes are esti-
mated as the solution of a non-linear least-squares fitting problem that
minimizes the deviation of predicted intracellular metabolite labeling
distributions and dynamics from experimental data. Since the analytical
solution for the system of ODEs describing labeling dynamics is not
tractable, the ODEs must be integrated numerically. Memory require-
ments limits the use of available integration packages, thus requiring
the development of customized integrators. The state-of-the art algo-
rithm (Young et al., 2008) utilizes an exponential integrator in con-
junction with a first-order hold equivalent. When expressed in state-
space form, the solution to these equations involves the computation of
the exponential of a matrix, which scales poorly with network size re-
quiring the development of more efficient algorithms undertaken in this
study.

In this paper, genome-scale INST-MFA is performed to glean insights
into the metabolic map of photoautotrophically grown Synechocystis. A
GSMM model imSyn617 for Synechocystis is constructed based on the
corresponding GSM model iSyn731 (Saha et al., 2012) to enable flux
elucidation using previously measured metabolite labeling dynamics
(Young et al., 2011). The set of active reactions under photoautotrophic
growth conditions is identified by performing Flux Variability Analysis
(Mahadevan and Schilling, 2003) upon constraining the model with
experimentally measured growth and product yields (Young et al.,

2011) for growth with bicarbonate as the sole carbon source. The
GSMM imSyn617 is constructed to encompass all active reactions in-
volved in carbon balances. Reaction mapping information is assembled
from imEco726 (Gopalakrishnan and Maranas, 2015a), reaction me-
chanisms and the CLCA algorithm (Kumar and Maranas, 2014).
imSyn617 is deployed for genome-scale INST-MFA to uncover novel
insights into the biology of photoautotrophic growth of Synechocystis
using the published labeling data for 15 metabolites form central me-
tabolism (Young et al., 2011). We infer that only 88% of the assimilated
bicarbonate is fixed via the Calvin-Benson-Bassham (CBB) cycle while
the rest is fixed by phosphoenol pyruvate carboxylase (PPC) but even-
tually off-gassed as CO2 through malic enzyme, the TCA cycle, and
peripheral metabolic pathways. We confirmed that there is no flux
through the oxidative pentose phosphate (PP) pathway and that re-
generation of pentose phosphates occurs through the transaldolase re-
action. With no flux through pyruvate kinase, pyruvate is synthesized
indirectly from phosphoenol pyruvate (PEP) via PPC and malic enzyme.
Trace flux is observed from α-ketoglutarate (AKG) to succinate in-
dicating dispensability of the lower TCA cycle during photoautotrophic
growth. Moreover, the oxygenase reaction of RuBisCO is found to be the
primary source of glycine with serine being synthesized directly from 3-
phosphoglycerate (3PG). These modalities result in a bifurcated to-
pology of the TCA cycle reactions and serine metabolism enabling
maximal conversion of RuBisCO fixed CO2 to biomass. This analysis
confirmed that maximization of biomass yield from fixed carbons ex-
plains the allocation of fluxes in the metabolic network in Synechocystis
as supported by experimental findings.

2. Methods

2.1. Construction of mapping models

The GSM model for Synechocystis (iSyn731) (Saha et al., 2012) was
simplified using Flux Variability Analysis (FVA) (Mahadevan and
Schilling, 2003) under photoautotrophic conditions using bicarbonate
as the sole carbon source to eliminate all reactions incapable of carrying
flux. The feasible solution space was constrained using growth rate and
organic acids yield (Young et al., 2011). Photon fluxes are calculated
based on experimental lighting conditions described earlier (Nogales
et al., 2012). Thermodynamic infeasible cycles (Schellenberger et al.,
2011) in the form of isles (Wiechert and Wurzel, 2001) were manually
eliminated to further reduce the size of the metabolic model. The
phosphoserine pathway was included in accordance with recent
genome annotation updates (Klemke et al., 2015). The recently pro-
posed Entner-Doudoroff pathway was excluded from the metabolic
model based on its dispensability under photoautotrophic growth
conditions and a lack of pathway characterization using tracer experi-
ments (Chen et al., 2016). The phototrophic growth model for Sy-
nechocystis contains 729 reactions and 679 metabolites. The GSMM
model imSyn617 was constructed for Synechocystis starting from the
existing GSMM for E. coli, imEco726 (Gopalakrishnan and Maranas,
2015a). Carbon mapping for 498 reactions were obtained directly from
imEco726, spanning glycolysis, pentose phosphate pathway, TCA cycle,
biosynthesis of all amino acids except glycine and serine, synthesis of
palmitate and stearate, nucleotide biosynthesis, and the synthesis of
cofactors: NAD, tetrahydrofolate, and riboflavin. Of the originally 109
unmapped reactions, 96 reactions spanning carbon fixation, photo-
respiration, glyoxylate metabolism, glycolipid and polyunsaturated
fatty acid synthesis, and porphyrin biosynthetic pathways generated
metabolites recycled in central metabolism. Atom mapping for 68 un-
mapped reactions was constructed from the reaction mechanism of
each reaction (Supplementary File 1). Mapping for the remaining 41
reactions including spontaneous reactions and those without available
mechanisms was obtained using the CLCA algorithm (Kumar and
Maranas, 2014; Kumar et al., 2012). Alternate mappings were gener-
ated for 49 reactions based on the presence of nine symmetric
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metabolites in the cyanobacterial models. Carbon rearrangements
within the triose phosphates were identified by carbon path tracing
using an EMU-based depth-first search algorithm. All carbon atoms
(single and bonded) are represented using their corresponding EMU
following a carbon numbering scheme consistent with the IUPAC con-
vention. The metabolic model and the corresponding atom mapping
model are made available in Supplementary File 1.

2.2. Algorithmic procedure for flux estimation based on least-squares
minimization

Flux and range estimation following EMU decomposition
(Antoniewicz et al., 2007) of the mapping model was performed as
described earlier (Gopalakrishnan and Maranas, 2015a). The labeling
dynamics of 15 central metabolites, spanning sugar phosphates, gly-
colytic intermediates, and organic acids, utilized for flux estimation was
obtained from a previous study (Young et al., 2011) with Synechocystis
grown under photoautotrophic growth conditions and 50% 13C-bi-
carbonate tracer. Model decomposition resulted in the identification of
851 EMUs, 156 free fluxes (Wiechert et al., 1999), and 204 pool sizes.
Metabolite labeling dynamics was modeled using a system of ×8.4 105

simultaneous ODEs relating metabolite labeling distributions X(t) to the
initial labeling state, X(0), the carbon tracer, and the system state
transition matrix, F, containing fluxes, v, and pool sizes, c. This system
of ODEs simulates 2311 EMU mass fractions and their sensitivity to 367
fitted parameters. The system of equations in continuous time domain
was converted to discrete time domain using the procedure described in
the Supplementary Methods. The mathematical expressions for the
transition matrices, Φ, Γ, and Ω, in terms of the F were obtained by
solving the system of ODEs after applying a non-causal first-order hold
equivalent (Franklin et al., 1997) as opposed to the previously de-
scribed state-space form method (Young et al., 2008) so as to improve
the scalability of the flux estimation procedure. This resulted in a 7%
and 48% reduction in computation time for the core model and the
GSM model, respectively. This significance of this improvement is an-
ticipated to increase with model size. The NLP was solved using a
modified Levenberg-Marquardt algorithm (Madsen et al., 2004)
equipped to handle linear inequality constraints (Gill et al., 1984). The
NLP was solved with 100 randomized initial feasible flux distributions
and the best solution was chosen for confidence interval calculations
owing to the non-convex nature of the objective function. The quality of
the obtained flux distribution was evaluated using a χ2 goodness of fit
test to ensure statistical significance of the obtained results. 95% con-
fidence intervals were determined as described earlier (Antoniewicz
et al., 2006; Gopalakrishnan and Maranas, 2015a). All fluxes, expressed
in mmol/dmol bicarbonate uptake (BCU), are normalized to 100mmol/
gdw-hr HCO3

- uptake and are reported in Supplementary File 1.

3. Results

This section highlights the novel carbon paths included upon scale-
up to a GSMM model and their role in facilitating prediction departures
from flux distributions obtained using core models. In addition, flux
topologies of pathways absent in the core model are elucidated and
their biological implications are discussed.

3.1. New carbon paths covered by mapping model imSyn617

Expansion of pathway coverage in the GSMM model of Synechocystis
to include glyoxylate, amino acid, lipid, and peripheral metabolism
contributes to 18 novel carbon paths not captured by the core model
(Fig. 1). These novel paths arise from new carbon skeleton rearrange-
ments, conserved group recycling, and new mechanisms for CO2 in-
corporation in Synechocystis. Three alternate routes to lower glycolysis
are traced through methylglyoxal synthesis, photorespiration, and
serine metabolism with identical atom mapping. Two paths via arginine

degradation and the GABA shunt are present with atom transitions
identical to the lower TCA cycle, indicating the presence of a TCA-like
carbon skeleton rearrangement despite the unresolved completion of
the TCA cycle (Steinhauser et al., 2012; Yu et al., 2013; Zhang and
Bryant, 2011). Carbon recycling from peripheral metabolism occurs via
acetate, formate and CO2. The condensation of the methyl group from
S-adenosyl methionine and the δ-carbon of glutamate (GLU-5) in the
adenosylcobalamine pathway produces acetate, which is either meta-
bolized via the TCA cycle or channeled into lipid production. Formate is
produced during the biosynthesis of tetrahydrofolate (THF), riboflavin,
and thiamin pyrophosphate, whereas CO2 is generated as a byproduct
of porphyrin, terpenoid, and pyridoxal phosphate biosynthetic path-
ways. Formate and CO2 are also produced as the end products of
glyoxylate oxidation via oxalate. Formate is oxidized to CO2 via formate
dehydrogenase, which is eventually reincorporated via RuBisCO and
the anaplerotic PPC reaction. The tetrahydrofolate pathway also gen-
erates glycolate, which feeds into the photorespiratory pathway. Since
Synechocystis lacks PEP carboxykinase (PPCK) activity to drive carbon
flow from the TCA cycle to lower glycolysis, CO2 incorporated via PPC
is routed to TCA cycle-derived metabolites only. CO2 is also in-
corporated via glycine dehydrogenase (GLYDH) in glyoxylate and gly-
cine metabolism in which glycine is synthesized by condensation of one
CO2 and a methenyl group donated by methenyl-THF. This reaction, in
conjunction with flux through the photorespiratory pathway con-
tributes to three novel carbon backbone arrangements possibly unique
to cyanobacteria (Fig. 2a). It is important to note that these mechanisms
both incorporate and off-gas CO2 atoms of different origin resulting in
alteration of labeling distributions of various intracellular metabolites
similar to 13C labeling dilution effects seen during aeration of cell
cultures (Leighty and Antoniewicz, 2012). However, it appears that net
carbon fixation is performed by RuBisCO alone. In addition to carbon
skeleton rearrangements, the mapping model reveals the existence of
pathways facilitating conserved moiety cycling (E4P and G3P), which
are capable of delaying 13C incorporation (Fig. 2b). The comprehensive
inventory of carbon paths contained within the GSMM model provides
the means for better recapitulation of experimental data and accurate
flux elucidation with a high level of detail.

3.2. Comparison of elucidated fluxes between using imSyn617 and core
mapping models

The simulated labeling distributions are in much better agreement
with experimental data when fitted using imSyn617 (Sum of Squares of
Residuals, SSRES = 511.4; Degrees of freedom, DOF = 556) compared
to the core model (Young et al., 2011) (SSRES = 684, DOF = 697). The
statistical significance of the reduction in SSRES using imSyn617 was
assessed using an F-test. The F-test provides a way of testing whether
the improvement in fit upon model expansion is not due an increased
number of parameters but rather due to better capturing of labeled
carbon routes through metabolism. The F-statistic is calculated to be
1.335 (p= 0.012). This value confirms the statistical significance of the
additional parameters introduced in imSyn617 with a confidence level
of 95%. Furthermore, the substantially different flux distribution elu-
cidated using imSyn617 associated with the reduced SSRES captures a
statistically significant new optimum in the least squares objective
function. The improved fit is attributed to the better recapitulation of
the labeling dynamics of PEP-167, 3PG-185, and RuBP-309 fragments
indicated by a reduction in SSRES (Fig. 3). Because the experimentally
measured metabolite labeling distribution and dynamics are incon-
sistent with the sole action of the CBB cycle (Supplementary Figs. S1
and S2), flux datasets inferred by both models employ compensatory
mechanisms to delay the mass shift associated with 13C incorporation.
Simplification of reactions in the core model via lumping of linear
pathways may accelerate metabolite labeling dynamics (Noh and
Wiechert, 2011). As a result, the core model derives unlabeled carbons
from glycogen degradation in conjunction with flux through the
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oxidative pentose phosphate pathway to delay turnover of metabolite
pools (Supplementary Fig. S3). In contrast, imSyn617 does not lump
reactions and further delays metabolite pool turnover by favoring
carbon paths involving conserved moieties (Figs. 2 and 4), thereby af-
fording a reduction in deviation from experimental data using
imsyn617 (Supplementary Fig. S1). An immediate consequence of this
flux redistribution is the dispensability of flux through the oxidative PP
pathway (Fig. 4) according to imSyn617. The biomass formation reac-
tion in the core model is approximated using precursors from central
metabolism (Shastri and Morgan, 2007) whereas imSyn617 mirrors
completely the biomass equation of iSyn731 parameterized using ex-
perimental measurements (Nogales et al., 2012; Saha et al., 2012). This
results in significant differences in metabolite drains between the two
models. Overall, differences in labeling dynamics and stoichiometry
associated with biomass metabolite drains contribute to stark shifts in
estimated central metabolic flux ranges upon scale-up from a core to a
genome-scale mapping model (Fig. 4).

Flux elucidation using a GSMM model reveals that only 88% of the
assimilated bicarbonate is fixed by RuBisCO (Fig. 4) compared to 120%
in the core model. The increased flux through RuBisCO predicted by the
core model is attributed to a 16mmol/dmol bicarbonate uptake (BCU)
flux through G6PDH, resulting in a futile cycle between the CBB cycle
and the PP pathway, which is shown to be inactive when using
imSyn617. This is consistent with experimentally verified dispensability
of this pathway inferred from unimpaired growth of the Synechocystis
zwf mutant under photoautotrophic growth conditions (Scanlan et al.,
1995). As a consequence of this, an 83% reduction in the flux through
PGI is seen using imSyn617 compared to the core model with the only
purpose of generating G6P for glycogen and glycolipid synthesis.
imSyn617 leverages the E4P recycling mechanism (Fig. 2b) to delay
metabolite labeling dynamics leading to a two-fold increase in flux
through SBA and SBP reactions and a flux of 37mmol/dmol BCU
through TAL in imSyn617 compared to the core model. The use of this
pathway for regeneration of pentose sugar phosphates results in no flux

Fig. 1. Representation of central metabolism in Synechocystis. The reactions exclusive to the core model and the GSM model are indicated in orange and green,
respectively. Metabolite drains for biomass formation and peripheral metabolism are indicated in dashed arrows with GSM-specific interactions indicated in green.
Completion of the TCA cycle (AKGDH) is indicated using a dashed green arrow to represent the existence of alternate routes between this pair of metabolites. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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through FBA and FBP reactions. Note that Synechocystis contains two
FBAs: CI-FBA with higher reactivity for fructose-bisphosphate and CII-
FBA with higher reactivity for sedoheptulose-bisphosphate. CI-FBA has
been shown to be non-essential during photoautotrophic growth of
Synechocystis (Nakahara et al., 2003). It has been suggested that over
90% of the FBA in Synechocystis under photoautotrophic growth con-
ditions is CII-FBA (Liang and Lindblad, 2016), consistent with the fact
that CII-FBA has a 3-fold higher transcriptomic abundance (Saha et al.,
2016) and a 39-fold higher proteomic abundance (Takabayashi et al.,
2013) compared to CI-FBA. These findings support an inactive CI-FBA
which results in the absence of flux through the fructose bisphosphate
aldolase and fructose-bisphosphatase reactions. As a consequence of
this, hexose phosphates for glycogen synthesis can only be synthesized
via the TAL reaction. This increased flux through TAL is consistent with
the experimentally observed higher expression levels of the tal gene
during photoautotrophic growth phase in Synechocystis (Kucho et al.,
2005). In order to assess the impact of the higher flux through the TAL
reaction on the quality of fit, flux elucidation was performed using

imSyn617 upon constraining the flux through TAL to zero. Removal of
the TAL reaction redirects carbon flux through the FBA/FBP route and
the oxidative pentose phosphate pathway. Since the TAL reaction par-
ticipates in a cycle involving a conserved E4P moiety, flux through this
cycle delays the 13C incorporation into sugar phosphate intermediates
in the CBB cycle. This delay is not possible via the FBA/FBP route and
therefore increases the SSRES to 541 due to poorly recapitulated la-
beling dynamics of R5P229 and RuBP309 fragments (Supplementary
Fig. S4). The best fit obtained using imSyn617 leading to a statistically
significant reduction in SSRES requires flux through the TAL reaction (F
= 16.32, p= ×

−6.1 10 5). In comparison, the core model uses the tradi-
tional CBB pathway for pentose phosphate regeneration, resulting in a
flux of 58mmol/dmol BCU through FBA and FBP reactions while the
directionality of TAL remains unresolved.

While both models assume the same biomass macromolecular
compositions, differences in precursor drains result in significant flux
range shifts downstream to carbon fixation in the core and imSyn617
models. In particular, lipids are traced indirectly only through free fatty

Fig. 2. Carbon incorporation paths and con-
served moiety cycling in imSyn617. (a) CO2

reincorporation via photorespiration. Solid
black circles represent reincorporated CO2

atoms. Reversible glycine degradation is the
primary carbon scrambling reaction in this
pathway allowing the incorporation of de-
graded glyoxylate carbons as well as substrate
bicarbonate to generate three unique carbon
arrangement patterns of 3PG. (b) Recycling of
conserved moieties within central metabolism.
The conserved E4P moiety (carbon atoms
1,2,3,4) generated due to the interaction be-
tween TAL from the non-oxidative PP pathway
and SBA and SBPase from the regeneration
phase of the CBB cycle is indicated in red
whereas the conserved triose phosphate moiety
(carbons atoms A, B,C) recycled between the
serine biosynthetic pathway, photorespiration,
and lower glycolysis is indicated in blue. (For
interpretation of the references to color in this
figure legend, the reader is referred to the web
version of this article.).
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acids in the core model as opposed to a complete coverage of glycoli-
pids, di- and triacylglycerols (DAGs and TAGs), phospholipids, and
sulfoquinovosyl DAGs in imSyn617. This results in a reduced acetyl-
CoA demand and an increased DHAP demand for biomass production in
imSyn617. As a consequence, a 50%, 89%, and 67% reduction in flux is
predicted through lower glycolysis, PK, and PDH reactions, respec-
tively. In addition to this, the core model uses the glyoxylate shunt as a
secondary source of glyoxylate, thereby enabling completion of the TCA
cycle without including the AKGDH reaction. In contrast, the glyoxylate
shunt is excluded from iSyn731 as this pathway is shown to be absent in
Synechocystis (Thiel et al., 2017) resulting in glyoxylate production only
in the photorespiratory pathway. Furthermore, iSyn731 accounts for
multiple avenues for the completion of the TCA cycle via AKGDH and
its alternate routes and captures glycine and serine metabolism, thereby
elucidating parts of the metabolic network not captured by the core
model.

3.3. New insight on carbon paths gained using imSyn617

The overall carbon balance reveals that 86% of the assimilated bi-
carbonate is channeled towards biomass production, 12% is ultimately
off-gassed as CO2 and the remaining 2% is distributed between organic
acids and glycogen storage. 602 reactions are resolved with a flux range
narrower than 10mmol/dmol BCU. 407 reactions are identified to be
growth-coupled. These flux ranges were compared to flux ranges gen-
erated using FVA upon constraining the bounds of substrate uptake and
product yields with MFA-derived lower and upper bounds. The superior
flux resolution afforded by INST-MFA compared to simply FVA is at-
tributed to the unambiguous elucidation of fluxes across all branch-
points such as CBB cycle/photorespiration, glycolysis/PP pathway,
anaplerotic reactions, and the TCA cycle. In addition to this, futile cy-
cles involving central metabolic reactions such as PK, GAK, and PFK are
well resolved with zero flux using INST-MFA compared to FVA based on
their contribution to carbon skeleton rearrangement and impact on
metabolite labeling dynamics. 61 reactions outside the purview of the
EMU model are poorly resolved by both INST-MFA and FVA. These
include reactions from energy metabolism such as cyclic and non-cyclic
photophosphorylation, Mehler reaction, and oxidative phosphorylation,
and reactions facilitating reversible transfer of reducing equivalents
between various carriers such as ferredoxin, NAD+ and NADP+ such
as Glutamate dehydrogenase, Glutamine synthase/Glutamate:

Oxoglutarate aminotransferase system, and isozymes of glucer-
aldehyde-3-phosphate dehydrogenase. The expanded pathway cov-
erage in iSyn731 provides insights into carbon flows through various
pathways not modeled in the core model such as aspartate, glutamate,
glycine, and serine metabolism and reveals the existence of pathway
topologies supporting carbon conversion to biomass with near 100%
efficiency.

Glycine and serine metabolism exhibits a bifurcated topology in-
volving reactions from the photorespiratory pathway, the phospho-
serine pathway, and SHMT (Fig. 5a). Flux through the carboxylation
and oxygenation reactions of RuBisCO is partitioned in a 90:10 ratio
with 9.7mmol/dmol BCU of flux entering the photorespiratory
pathway (Fig. 4). Oxygenation of RuBP produces one molecule 3PG and
one molecule of 2PGLYC, which is oxidized to glyoxylate in the pho-
torespiratory pathway (Fig. 5a). Since no oxidation of glyoxylate to
formate or CO2 occurs, all of the 2PGLYC synthesized via oxidation of
RuBP is converted to glycine. Absence of flux through glyoxylate oxi-
dation is supported by experimentally observed insignificant 13C in-
corporation into oxalate (Young et al., 2011). 3PG is converted to serine
via the phosphoserine (PHSER) pathway similar to E. coli. Glycine is
also produced from serine via the SHMT reaction. Since Synechocystis
does not accumulate or secrete glycine, and no glycine degradation
occurs via GLYDH, it is exclusively utilized for biomass production, as a
result of which, the glycine producing branch of the photorespiratory
pathway is identified to be growth-coupled. Moreover, the SHMT re-
action is identified to be the sole source of the one-carbon pool carried
by tetrahydrofolate. A trace flux is observed through glycerate in-
dicating that the second half of the photorespiratory pathway is in-
active (Supplementary File 1) causing the phosphoserine pathway to be
growth-coupled. This flux distribution results in a unique bifurcated
topology achieving complete carbon conversion of RuBP to glycine and
serine with no losses in the form of CO2. Furthermore, cysteine is also
synthesized from serine and completely routed to biomass as there is no
flux through the cysteine-degrading mercaptopyruvate pathway
(Supplementary File 1). The overall topology of this pathway allows
glycine and serine biosynthesis from bicarbonate with a 100% carbon
conversion efficiency while reinforcing the essentiality of the glycolate
pathway in Synechocystis (Eisenhut et al., 2008). This observation is in
contrast to the linear pathway proposed in earlier GSM models of Sy-
nechocystis (Knoop et al., 2010) and affords a higher 13C enrichment of
serine than glycine, consistent with experimental observations (Huege

Fig. 3. Recapitulation of experimentally measured la-
beling distribution and dynamics expressed in terms of
variance-weighted sum of squares of residuals (SSRES)
using the core model (orange bars) and the GSMM model
(green bars) of Synechocystis. Fragments with an SSRES
difference exceeding 25 are indicated using a black box.
(For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this
article.).
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et al., 2007; Young et al., 2011).
The genome-scale mapping model imSyn617 achieves an un-

ambiguous resolution of fluxes around the pyruvate node (Fig. 4).
Pyruvate synthesis occurs indirectly from PEP via the anaplerotic PPC
and ME reactions due to the inactivity of PK, methylglyoxal, and serine
degradation pathways. In addition to this, no flux is seen through the
PPS reaction indicating unidirectional flux from glycolysis to the TCA
cycle, thereby localizing any CO2 incorporated via PPC to the TCA cycle
only. Acetyl-CoA is produced via the PDH reaction for lipid synthesis

and TCA metabolism. Absence of flux through all alternate routes
connecting AKG and succinate in conjunction with the lack of a
glyoxylate shunt (Thiel et al., 2017; Varman et al., 2013) renders the
TCA cycle incomplete with a bifurcated topology incapable of com-
pletely oxidizing acetyl-CoA (Fig. 4b). As a consequence, all reactions of
the TCA cycle are identified to be growth coupled as Synechocystis does
not produce any organic acids as byproducts of photoautotrophic me-
tabolism (Young et al., 2011). Fumarate is not synthesized directly via
the TCA cycle, but is instead generated as a byproduct of arginine and

Fig. 4. Flux ranges (expressed in mmol/dmol bicarbonate uptake (BCU)) of central metabolic reactions in Synechocystis during photoautotrophic growth predicted
using a core model (orange bars) and a GSMM model (green bars). The bars represent the range of flux from its lower bound to its upper bound. The reaction names
on the y-axis are consistent with the nomenclature used in Fig. 1. Excluded reactions in each model are assumed to carry no flux. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.).
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purine biosynthetic pathways. This fumarate serves as a precursor for
succinate required for growth, while the excess fumarate is converted to
malate via fumarate hydratase.

4. Discussion

In this study, genome-scale INST-MFA is applied to elucidate pho-
toautotrophic metabolism in Synechocystis. Reactions capable of car-
rying flux in iSyn731 (Saha et al., 2012) are identified via FVA using
extracellular flux measurement data (Young et al., 2011). The corre-
sponding GSMM model imSyn617 includes all carbon-balanced reac-
tions Atom mapping for reactions shared with E. coli is derived from
imEco726 (Gopalakrishnan and Maranas, 2015a) and the remaining
reactions are mapped using the CLCA algorithm or based on reaction
mechanism when available. A customized algorithm is developed with
improved scalability and memory efficiency leading to a 48% reduction
per iteration in the computational time required to simulate of meta-
bolite labeling dynamics in larger networks. INST-MFA is performed to
identify a suitable flux distribution accurately recapitulating the la-
beling distribution and dynamics of 15 central metabolites obtained
during photoautotrophic growth of Synechocystis with 50% 13C-labeled
bicarbonate as the tracer (Young et al., 2011). In response to degen-
eracy in the metabolic network and experimental errors, 95% con-
fidence intervals were also determined using the established procedure
(Antoniewicz et al., 2006; Gopalakrishnan and Maranas, 2015a) to
identify flux ranges for all reactions.

Upon evaluating the significance of the improved recapitulation
afforded by imSyn617 using the F-test, the F-statistic is 1.335
(p=0.012). In comparison, the corresponding F-statistic for scale-up in
E. coli was 0.152 (p=0.999) indicating that the core model accounts
for the carbon paths necessary to recapitulate the labeling data used in
that study (Gopalakrishnan and Maranas, 2015a). The increased un-
certainty of flux estimation was attributed to the inclusion of alternate
paths with identical atom mapping information. In contrast, the sta-
tistical significance associated with model scale-up in this study implies
that unique and often surprising insights into the carbon flows under
phototrophic growth are obtained by the re-analysis of an existing da-
taset using a detailed description of the entirety of metabolism in Sy-
nechocystis. Interestingly, both the core model and imSyn617 report two
qualitatively different flux distributions that are within the acceptable
χ2 statistical threshold. While a statistically significant reduction in
SSRES is seen upon permitting flux through the oxidative pentose

phosphate pathway in the core model (Supplementary Fig. S3),
imSyn617 supports a statistically significant improvement in solution
quality upon permitting flux through the TAL reaction which in turn
reduces the flux through the oxidative pentose phosphate pathway to
zero (Supplementary Fig. S4). As a result of this, unambiguous resolu-
tion of the flux through the oxidative pentose phosphate pathway re-
quires 13C-labeling measurements for 6PG during flux elucidation
using INST-MFA. Pool size measurements for 6PG under photo-
autotrophic growth conditions have already been quantified using
metabolomics (Yoshikawa et al., 2013). Resolution of the flux through
the oxidative pentose phosphate pathway will provide insights into
whether this pathway is regulated at the transcriptomic level (Kucho
et al., 2005) or at the post-translational level (Knowles and Plaxton,
2003) and provide a clearer explanation for the reported non-essenti-
ality of the zwf and gnd genes (Scanlan et al., 1995; Wan et al., 2017)
under photoautotrophic growth conditions. Flux elucidation under
photoautotrophic growth conditions using imSyn617 reveals that Sy-
nechocystis deploys a carbon efficient metabolism enabling maximal
conversion of fixed carbons to biomass precursors with minimal pro-
duction of organic acids and glycogen. This is in contrast to hetero-
trophic bacteria such as E. coli where 35% of the taken-up glucose is
secreted as acetate (Sandberg et al., 2016) resulting in a 30% biomass
yield loss from the theoretical maximum biomass yield (Feist et al.,
2007). The flux ranges estimated in this study provide a comprehensive
set of essential and dispensable metabolic reactions in Synechocystis
under photoautotrophic growth conditions to serve as a guideline for
editing photosynthetic prokaryotic genomes. The estimated flux ranges
reveal that only 88% of the fixed bicarbonate is ultimately routed to-
wards biomass production. 12% of the fixed carbons are oxidized to
CO2 via anabolic reactions essential for biomass production. Flux elu-
cidation using INST-MFA reveals that these carbons are not recycled by
RuBisCO and are subsequently off-gassed. This inability to recycle these
carbons via the CBB cycle results in a 12% reduction in biomass yield
compared to predictions using flux balance analysis (Supplementary
File 1). In order to determine whether this absence of CO2 recycling is
the only cause of loss in biomass yield, the maximum biomass yield was
calculated using flux balance analysis upon constraining the flux
through RuBisCO to the range estimated using INST-MFA. The max-
imum biomass yield was calculated to be 2.48 gDW/dmol BCU, which is
2% greater than the biomass yield estimated using INST-MFA
(Supplementary File 1). Based on this, we confirm that Synechocystis
possesses an efficient metabolism enabling a near-perfect routing of

Fig. 5. Bifurcated topology of the photo-
respiratory pathway (a) and the TCA cycle (b).
Flux (in mmol/dmol BCU) through each reac-
tion is specified adjacent to the reaction ab-
breviation. Arrows indicate direction of flux.
Reaction abbreviations are consistent with
Fig. 1. The dashed arrows represent metabolite
drains for biomass production.
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fixed carbons towards biomass precursors. However, it is unclear from
this analysis whether the inability to recycle oxidized carbons is caused
by a rate-limiting enzyme in the CBB cycle or a paucity of available
NADPH and ATP as the fluxes through the photosynthetic light reac-
tions and oxidative phosphorylation are poorly resolved by INST-MFA.
Resolution of these reactions requires knowledge of the spectral com-
position of the light source and photon flux partitioning between pho-
tosystems I and II to distinguish ATP production via non-cyclic and
cyclic photophosphorylation. When combined with the measurement of
net oxygen evolution rate, these measurements will allow accurate
elucidation of fluxes through the photosynthetic light reactions and
oxidative phosphorylation. This will enable resolution of NADPH pro-
duction and provide insights into the biological impact of a mandatory
flux through Malic Enzyme, consistent with experimentally verified
essentiality of this gene (Bricker et al., 2004). Unlike in E. coli
(Gopalakrishnan and Maranas, 2015a), here alternate routes to lower
glycolysis and TCA cycle are extremely well resolved based on differ-
ences in metabolite labeling dynamics, thereby demonstrating the su-
perior capability of INST-MFA in resolving pathways with similar atom
transitions and establishing the dispensability of the lower TCA cycle
under photoautotrophic growth conditions.

The introduced algorithmic procedure (Supplementary material) for
performing flux elucidation at a genome-scale offers a 48% reduction in
computation time which will grow with larger models. As this scheme
employs an exponential integrator, a moderate level of stiffness can still
be handled when pool sizes exceed 10−4 mmol/gdw. Stiffness in INST-
MFA models arises from a degeneracy in pathway labeling dynamics
due to the inclusion of more pool size parameters than necessary to
recapitulate experimentally observed labeling distributions. As a con-
sequence of this, the confidence interval estimation procedure will fail
to compute an upper bound for many metabolite turnover rates (de-
fined as the ratio of flux through a metabolite to its pool size). Since
fluxes are scaled to bicarbonate uptake and bounded by stoichiometric
mass balance constraints, the uncertainties in the estimation of meta-
bolite turnover rates will be reflected in uncertainties in pool size re-
solution but does not affect flux confidence interval calculation as long
as the solution lies outside the stiff regions. Due to this, pool size ranges
are not computed in this study. This would require the development of
a higher order implicit method for ODE integration so as to ensure
accuracy and stability of the procedure. It has been previously reported
that channeling plays a key role in explaining the observed metabolite
labeling dynamics (Huege et al., 2007; Young et al., 2011). The pre-
sence of substrate channeling was hypothesized based on the existence
of segregated metabolite pools inferred from dilution parameters
(Young et al., 2011). Consistent with earlier findings, up to 10% of the
3PG and F6P pools are found to be metabolically inactive with no
segregation of the PEP pool, alluding to the presence of a channeling
mechanism from 3PG to PEP. Quantification of pool sizes will provide
detailed insights into substrate channeling mechanisms arising from
CBB cycle enzyme co-localization similar to that seen in plant chlor-
oplasts (Anderson and Carol, 2004; Anderson et al., 2005; Suss et al.,
1993). In conjunction with the bi-functionality of the SBPase enzyme
(Yan and Xu, 2008), this would explain the preference for TAL-SBPase-
SBA route for the regeneration of pentose sugar phosphates as opposed
to the conventional TPI-FBA-FBPase pathway despite the lack of an
energetic advantage. Nevertheless, the flux estimation algorithm al-
ways converged outside the stiff regions in the solution space, in-
dicating that the obtained flux ranges are not confounded by stiffness of
the system of ODEs describing metabolite labeling dynamics in GSM
models. imSyn617 coupled with customized integrators enables the
elucidation of fluxes with a global coverage and high statistical con-
fidence by re-analyzing already available labeling datasets. This newly
reached scope and fidelity in flux elucidation promises to enhance both
kinetic model parametrization (Khodayari and Maranas, 2016) and
facilitate the use of strain design algorithms such as OptForce
(Ranganathan et al., 2010), and k-OptForce (Chowdhury et al., 2014).
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