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Abstract

Metabolic flux analysis based on '3C-derived constraints has proved to be a powerful
tool for quantitative physiological characterisation of one of the most extensively used
microbial cell factory platforms, Pichia pastoris (syn. Komagataella spp.). Nonetheless,
the reduced number of carbon atoms and the symmetry of the glycerol molecule has
hampered the comprehensive determination of metabolic fluxes when used as
labelled C-source. Moreover, metabolic models typically used for 3C-based flux
balance analysis may be incomplete or misrepresent the actual metabolic network. To
circumvent these limitations, we reduced the genome-scale metabolic model
iMT1026-v3.0 into a core model and used it for the iterative fitting of metabolic fluxes
to the measured mass isotope distribution of proteinogenic amino acids obtained after
fractional 13C labelling of cells with [1,3-3C]-glycerol. This workflow allows obtaining
reliable estimates of in vivo fluxes in P. pastoris cells growing on glycerol as sole carbon
source, as well as revising previous assumptions concerning its metabolic operation
such as alternative metabolic branches, calculation of energetic parameters and

proposed specific cofactor utilisation.

Keywords: 3C-based metabolic flux analysis, Pichia pastoris, Komagataella spp,
glycerol, genome-scale metabolic model

Introduction

Glycerol is a side stream in conventional biodiesel production processes and,
therefore, its valorisation is a highly interesting option in the development of a
glycerol-based integrated biorefinery concept [1,2]. Glycerol is an attractive feedstock

to produce high value added compounds using microbial fermentation processes [3—
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5]. Furthermore, the reduction degree of glycerol (4.67) is higher from that of glucose
(4.0), and therefore higher yields of certain metabolites can be obtained from this
compound [6]. However, crude glycerol typically contains several impurities such as
methanol [7], which is toxic for most microbes with the exception of methylotrophic
microorganisms. Notably, P. pastoris is able to efficiently use glycerol and/or methanol
as energy and carbon sources [8-10]. In fact, the conventional promoters used for
heterologous gene expression in this yeast (namely, Pgap, constitutive, and Paox,
inducible) have been isolated from genes related to glycerol and methanol metabolism
[11,12]. Indeed, P. pastoris has been proven to grow on media containing crude
glycerol [13,14], and does not need to be genetically engineered for improved glycerol
utilisation, as done in other species like S. cerevisiae, [15-17], due to a more efficient
glycerol transport system [16].Taken together, these attributes make P. pastoris a cell
factory of high potential for the development of glycerol biorefineries.

However, there are very few systematic studies characterising growth of P. pastoris on
glycerol as a sole carbon source [18,19]. Early !3C-labelling experiments (CLE)
performed with P. pastoris using glucose or glycerol as sole carbon sources were based
on biosynthetically directed fractional (BDF) *3C-labeling of proteinogenic amino acids
with 2D-NMR, enabling the determination of metabolic flux ratios (METAFoR) [20].
This methodology relies on the identification of conserved C-C bounds in proteinogenic
amino acids after feeding cells with a mixture of unlabelled and *3C-uniformly labelled
glucose as substrate [21,22]. However, the information derived using this technique
when using labelled substrates with a low number of carbons such as glycerol, limits its
application [18,20]. In addition, *3C-based metabolic flux studies reported so far

typically rely on metabolic models based on the pre-existing knowledge on
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biochemical pathways of the central carbon metabolism, including the amino acid
biosynthesis pathways [18]. Such models have been extensively used, with just minor
modifications based on direct experimental observations, such as that glyoxylate
pathway or malic enzyme are not operative under the studied/similar growth
conditions [8], to improve metabolic flux determination using the available
experimental 13C datasets [9,23-25].

Nevertheless, building such models by just combining well-known classical pathways
may easily result in a derived model with missing steps or pathways relevant for the
experimental conditions under study. As the 3C based method for metabolic flux
determination does not include the cofactor balances (typically NAD(H)/NADP(H)),
verification of those balances after the metabolic fluxes have been determined may
reveal those inconsistencies in the underlying model. One way to overcome such
inconvenience could be the use of a genome-scale metabolic model (GSMM).

A genome-scale description of the P. pastoris metabolism has been developed over
different versions such as the iIMT1026 GSMM [26], which was subsequently adapted
for growth on glycerol and methanol [19]. A priori, this GSMM would be an alternative
of choice for 3C-MFA, due to its inclusion of a more complete nhumber of pathways.
Nevertheless, large-scale 3C-MFA has significant limitations such as the requirement
for an accurate and complete atom transition mapping. Although there are databases
including the reaction atom mapping of biological pathways, GSMM-specific reactions
would require the additional effort to accurately annotate atom transitions. Another
important hindrance for genome-scale 3C-MFA is the resulting huge number of
variables that significantly impact computational complexity and performance, as well

as the difficulty or even impossibility in resolving all fluxes due to the robustness and
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redundancy of metabolic pathways, which include parallel and alternative pathways
and cell compartmentalization [27]. Due to this, nowadays GSMMs are still not a
practical alternative to core metabolic models. Indeed, Gopalakrishnan and Maranas
[28] have concluded that reducing GSMMs down to a size similar to the currently used
core metabolism models used in *C-MFA would be a feasible alternative to the use of
full GSMMs. In this regard, several algorithms for reducing GSMMs to core models
have been developed. One method that appears particularly suited to our purpose is
NetworkReducer [29], which allows to take into account the information derived from
previous 3C studies, such as the network topology -pathways proven to be active- in
the tested experimental conditions. Briefly, this is achieved by protecting relevant
reactions and applying phenotypic constrains while the algorithm successively
eliminates or combines reactions until a minimal model that fulfils all the phenotypic
constrains is obtained. This method has been recently employed in E. coli to produce a
new core model (EColiCore2) producing flux distributions equivalent to those
generated by the original GSMM [30].

In this study, the genome-scale metabolic model iMT1026 v3.0 [19] is reduced to a
glycerol-specific core model. This reduced model is further used for 3C-MFA of P.
pastoris growing on glycerol as carbon source at different growth rates. In order to
circumvent the limitation of using a 3C-substrate, a 1- and 3-positionally labelled
glycerol is used, instead of a uniformly labelled substrate, together with the
measurement of proteinogenic amino acids content and subsequent iterative fitting of
metabolic fluxes to the measured mass isotope distribution (MIDs). Although this
method does not allow the level of resolution achieved in non-stationary CLE, we show

that such approach allowed us to improve the accuracy of the resolved fluxes in
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comparison previous metabolic flux profiling studies based on METAFoR analysis

datasets.

Materials and Methods

Strain and cultivation conditions

The Pichia pastoris X-33 strain (Invitrogen-Thermofisher, Carlsbad, CA, USA) was used
throughout this study. Duplicate carbon-limited chemostat cultivations were
performed using a Sartorius 0.5-L bioreactor (Sartorius AG, Gottingen, Germany) at
dilution rates (D) of 0.05, 0.10 and 0.16 h'! with a working volume of 0.3 L maintained
by a gravimetrically controlled peristaltic pump. Chemostat -cultivations were
performed for at least 5 residence times (t) prior to labelling.

Batch and chemostat media were adapted from Baumann et al. [31] by reducing
carbon and nitrogen sources concentrations for yielding an approximate final biomass
6 g/L when the steady state is reached. Thus, briefly, batch medium contained: 9.98
g/L glycerol, 0.46 g/L citric acid, 3.15 g/L (NH4);HPO4, 0.006 g/L CaCl,-2H,0, 0.225 g/L
KCI, 0.125 g/L MgS04-7H,0, 0.5 mL Biotin (0.2 g/L), 1.15 mL PTM1 trace salts stock
solution (prepared as described in [31]). pH was adjusted to 5.0 with 25% HCI.
Chemostat medium contained: 10 g/L glycerol, 0.818 g/L citric acid, 4.35 g/L
(NH4)2HPO4, 0.01 g/L CaCl»-2H,0, 1.7 g/L KCl, 0.65 g/L MgS04-7H,0, 1.0 mL Biotin (0.2
g/L), 1.6 mL PTML1 trace salts stock solution and 0.2 mL/L of antifoam glanapon 2000
(Konc, Bussetti, Vienna, Austria).

An inoculum was cultivated overnight at 30°C, 150 rpm in a 0.5-L shake flask
containing 75 mL of basal medium with glycerol and supplemented with biotin (1%

yeast nitrogen base, 4 - 10° % biotin, 1% glycerol). Bioreactor was inoculated an initial
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ODeoo of 0.3 — 0.5. Once glycerol was exhausted, continuous cultivations were started
at the corresponding flow rate. The aeration rate was 1 vvm and the off-gas O, and
CO; concentrations were measured using a Prima Pro Process Mass Spectrometer
(Thermo Fischer Scientific). Temperature was maintained at 25°C. Stirring rate was 500

rpm and a pH 5.0 was controlled by automatic addition of 15% ammonia.

Labelling experiment and biomass harvest

After a minimum of 5t of continuous cultivations with non-labelled glycerol, the feed
was switched to the labelled medium. Labelled feed medium composition was the
same as the unlabeled feed medium composition, replacing glycerol for 20% [1,3-13C]-
glycerol (CortecNet) and 80% unlabeled glycerol. Labelled medium was feed for at
least 2t. Culture samples (50 — 100 mL) were collected, centrifuged (15 min, 16000g),
the supernatant discarded and pellets frozen with liquid N2 and stored at -80°C for

further extraction and analysis of proteinogenic amino acids.

Biomass and exometabolite analysis

Cell density and dry cell weight

Cell density was monitored by optical density at 600 nm. Dry cell weight (DCW) was
measured in duplicate by gravimetric methods. Briefly, a known volume of sample (5
to 10 mL) was filtered throughout a dried pre-weighted 0.45 pum polyether sulfone
filters (Frisenette, Knebel, Denmark) and washed with distilled water. Filters were
dried in @ microwave oven at 150 W for 20 min and cooled down in a desiccator for at

least 2 h and finally weighted.

Exometabolite analysis
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Samples taken for external metabolite analysis, were filtered through a 0.22 um
syringe filters and stored at -20°C until subsequent analysis. Glycerol, was the only

peak detected in HPLC analyses performed as described in [32].

Proteinogenic amino acid MID determination

Amino acid extraction, derivatization and GC-MS analysis

Isotope distribution of the proteinogenic amino acid (MID) was determined as
described by Knudsen [33]. Briefly, 5 mg of biomass pellets were hydrolyzed with 6 M
hydrochloric acid at 105°C for 16 h. Once at room temperature, samples were dried for
3h under a stream of nitrogen. Samples were redissolved in water and filtered through
Strata SCX (100 mg, 1 cc, Phenomenex, Torrance, CA, USA) columns and washed with
50% ethanol to remove all the impurities. Samples were eluted with 1 N NaOH and
additionally with the elution solution [33]. Two types of derivatives were prepared for
GC-MS analysis: N-ethoxycarbonyl-amino ethyl-esters (ECF) and N-dimethyl-amino-
methylene-methyl-esters (DMFDMA) following the accurate protocol described by
Knudsen [33]. Derivatized amino acid samples were analyzed in a GC-MS Agilent 6890
gas chromatograph coupled to an Agilent 5973 quadruple MS accordingly to the
specified settings [33]. GC/MS Translator (Agilent) was used to convert the resulting

row data files into readable for Agilent MassHunter Qualitative Analysis software.

MID correction for natural isotopes and washout kinetics

MID are uncorrected for naturally labelled atoms other than carbon backbone [34,35].
OpenFlux [36] was used for correcting the MID of each amino acid according to the
expected fragmentation ions obtained in GC-MS analysis [37]. In addition, biomass was

harvested at 2 1 after the onset of labelling and thus, the fraction of labelled biomass



181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

(Xiabelled) at the steady state was calculated according to a first-order wash-out kinetics
[18]: Xiabelled = 1 — eV, where t is the labelling time and t the residence time of the
chemostat. Corrected MIDs for each experimental replicate and corresponding
analysed peaks from each corresponding derivatisation method can be found in

additional file S2, Table S2.

Statistical analysis

Chemostat cultivation data was checked for consistency using elemental mass
balances and common reconciliation procedures [38]. The biomass molecular formula
used was selected according to the specific biomass composition of P. pastoris growing
on glycerol [19]. In all the cultivation sets, statistical consistency test was passed with a
confidence level of 95%. Consequently, there was no evidence of gross measurement

errors.

Core model generation

In order to obtain a representative network of the central carbon metabolism of
P. pastoris, including all the relevant reactions a core model (PpaCore) was derived
from iMT1026 v3.0 model using NetworkReducer [29] with CellNetAnalyser 2016.1
[39] under Matlab 2011. A detailed procedure and commands for model reduction can
be found in additional File S1. Default flux constrains for glycerol growth as the only
possible carbon source were set. Maximal growth rate in the reduced network is
constrained to be 99.9% of the maximal growth rate for the iMT1026 v3.0 (here
PpaGS, meaning ‘P. pastoris Genome-Scale’) corresponding to the glycerol chemostat
cultivations in our previous work [19]. In a first step, 46 reactions of the central carbon

metabolism were protected (additional File S1) and PpaGS was reduced to a pruned
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model (PpaPruned). Subsequently, PpaPruned was further reduced to PpaCore by a
compressing procedure with a new set of 56 protected reactions (additional File S1).
Due to numerical reasons the ‘cof’ metabolite was removed from biomass equation.
The resulting PpaCore was tested for growth in glycerol and the same maximal growth

rates obtained in PpaGS were achieved for a constrained uptake of glycerol.

13C-Metabolic flux analysis (33C-MFA)

Flux calculations were performed with OpenFLUX [36] under Matlab 2011 using
FMINCON from Matlab’s optimization toolbox. Previously to perform MFA, PpaCore
was adapted to OpenFLUX requirements in three steps: (1) each reversible reaction
was replaced by two paired irreversible reactions; (2) reactions mapping label
distribution in the measured proteinogenic amino acids were added according to the
appropriate compartmentalization [20]; (3) carbon atom transition equations were
added according to previous P. pastoris models [9] and databases [40]. In order to
avoid biased solutions, O3, reduction equivalents, energetic cofactors and additional
non-carbon-balanceable metabolites were defined as excluded metabolites. Moreover,
those reactions in PpaCore that uniquely contained excluded metabolites were also
removed from the final model for *C-metabolic flux calculations. The resulting model
(additional File S2 Table S1) was used for 3C-MFA. Experimental MIDs showed an
average deviation below 5% and the model was fitted to the experimental data by the
least squares method detailed in [41] using the measured glycerol uptake rate and
specific biomass generation rates as constrains. The parameter estimation procedure
was repeated 100 times. Subsequently, the solution cluster with lower residual error
was used for sensitivity analysis using the non-linear approach of Antoniewicz [42].

Sensitivity analysis was performed in order to find the lower and upper confidence

10
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interval boundaries of calculated fluxes at a 95% confidence level [36]. Default
configuration settings were used for the sensitivity analysis. In those cases, where it
was impossible to determine individually the forward and reverse fluxes, only the net
fluxes were calculated and subjected to sensitivity analysis. Flux fitting to 3C MID was
performed individually for each experimental replicate and subsequently averaged.

Main results were depicted using Omix graphic software [43].

Calculation of redox cofactor regeneration rates and energy requirements

Rates for redox cofactor regeneration and ATP synthesis were derived after calculation
of the other fluxes. Once the solution of the metabolic system was found, estimated
fluxes were further used for calculating the remaining reaction fluxes that contained
excluded metabolites. Redox cofactor balance was checked and any surplus of
reduction equivalents (NADH both cytosolic and mitochondrial) was considered a
source of electrons transferred to the electron transport chain (ECT). Therefore,
assuming the complete electron transfer from the surplus reduction equivalents to ETC
and taking into account the oxygen requirements for biomass synthesis (included in
the full biomass equation), the oxygen uptake rate could be calculated and compared
to the experimental values. In addition, since the model includes the complete ETC
with proton translocation to the mitochondrial intermembrane space and the
corresponding reaction for ATP synthesis [26], a theoretical maximal ATP generation
rate can be estimated. The total ATP generation was taken later into account for
calculating the energetic parameters. Essentially, two parameters were determined:
growth and non-growth associated maintenance energy (GAME and NGAME,
respectively) according to Pirt’s equation [44] and applying a linear regression between

ATP generation and growth rates [45]. The y-intercept would correspond to the

11
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NGAME (u = 0.0 h'l) and the slope to GAME (Fig. S1). Those values can be later
compared to those obtained using the complete PpaGS model.

Results and discussion

Macroscopic growth parameter characterisation

Despite the increasing interest on using glycerol as feedstock for microbial
biorefineries, there is limited information on the physiology of P. pastoris growing on
such carbon source. In a recent study [19], we performed a series of cultivations at
different growth rates using glycerol as sole carbon source. These data allowed to
analyse the effects of growth rate on biomass composition in a comprehensive way.

In this study, a new series of carbon-limited chemostat cultivations using glycerol as
sole carbon source has been performed at three different dilution rates (corresponding
to a low, mid and high ranges) that had been already previously tested [19,20],
namely: 0.05, 0.10 and 0.16 hl. In order to obtain equivalent datasets, the culture
medium composition was the same as in our recent study, except for glycerol
concentration in the feed medium, which was reduced to obtain a lower steady state
biomass concentration.

In agreement with our previous experiments, P. pastoris cells growing under these
conditions showed no by-product secretion and residual glycerol in the broth samples
was below the detection limit of the analytical method. All the measured external
macroscopic fluxes showed a clear correlation with the growth rate (R> > 0.99),
consistent with our previous study [19], where a linear range for the cell’s macroscopic
variables when growing on glycerol was established between 0.05 and 0.16 h™! growth
rate. Biomass yields (Yxs) ranged between 0.70 — 0.72 gx - gs* (Table 1). These values

are in the upper range of Yxs previously reported for glycerol as C-source [19] and are

12
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also in agreement with biomass yields on glycerol reported for other yeast species
[46]. Similarly, the average experimental RQ (0.58 + 0.02) was close to 0.63 + 0.03, the
average RQ experimentally determined in our previous study for glycerol-grown cells.
Therefore, despite reducing the carbon source concentration in the feed medium, cells
showed comparable macroscopic profiles and therefore reflected comparable

cultivations conditions.

Reduction of P. pastoris genome-scale model

The iMT1026 v3.0 model was used for deriving central carbon metabolism model
in two reduction steps, generating PpaPruned and PpaCore. The main characteristics of
the reduced model are summarized in Table 2. In order to avoid infeasibilities due to
numerical tolerance constrains, ‘cof’ metabolite corresponding to cofactors in biomass
equation was removed. ‘COF’ reaction has stoichiometric coefficients of the order of
1x10°® that can be lower than the minimal calculation tolerance. By removing COF, no
significant impact on the flux distribution or the predictability capacity was observed.
In the first reduction step, the 46 reactions were protected. These reactions included
the equivalent reactions to the previous P. pastoris central carbon metabolism model
[24] as well as relevant transport reactions across cell compartments. Protected
phenotypes were stablished in order to ensure the accuracy of the predictions, i.e. the
99.9% of the maximal predicted growth rate in the original model for a given glycerol
uptake rate. As reported previously [19], no by-product generation was detected when
growing in glycerol-limited chemostats. None of the by-product formation reactions
were protected and consequently none of them were present in PpaPruned in
agreement with experimental data previously reported [19]. Initially, the genome scale

metabolic model contained 2237 reactions and 1881 metabolites (175 external). As a
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result of the network reduction the number of reactions and metabolites was
considerably reduced (495 reactions and 513 metabolites). The degrees of freedom
(dof) were also strongly reduced (from 485 to 4). This reduction could be due to the
fact that the pruned model only considers growth on glycerol with no by-product
generation. In the subsequent step, PpaPruned was further reduced by applying a loss-
free network compression step [29], where mainly consecutive, parallel and transport
reactions were lumped. As a result, PpaCore was generated including 77 reactions with
102 metabolites with no further reduction in degrees of freedom. The maximal

predicted growth rate was identical as the one obtained with the original model.

13C-Metabolic flux analysis of glycerol-grown cells

The generated model was implemented in OpenFLUX code for 3C-MFA determination
as described above (Table S1). Flux values are presented in Error! No s'ha trobat
I'origen de la referéncia. as the 95% confidence interval (Cl) in order to provide a more
informative description of the results taking into account the uncertainty of estimated
fluxes [42]. Although flux values expressed as mean of the optimal value + SEM would
provide an overview of changes in the estimated fluxes, this would not indicate the
real uncertainty of the measurement due to the asymmetry of the interval. Then, in
this study metabolic fluxes are expressed as confidence interval boundaries.

To our knowledge, there is only one previous study analysing the metabolic flux
distribution of glycerol-grown yeasts based on 3C-labelling experiments [20] using
metabolic flux ratio analysis (METAFoR) and thus absolute metabolic flux values were
not provided. Moreover, such analysis was limited to the pyruvate node and
tricarboxylic acid cycle (TCA) due to the limitations caused by the use of a 3-carbon

source such as glycerol. Notably, the flux ratios derived from the metabolic flux
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calculations performed in the present study are consistent with those obtained using
METAFoR analysis. In particular, Sola et al. [20] reported a very low activity through
glyoxylate cycle. This observation was based on the absence of carbon labelling
patterns compatible with the activity of this pathway, also supported by previous
studies in S. cerevisiae and P. stipitis [47]. In addition, Sola et al. [20] measured the
activity of isocitrate lyase (ICL), showing basal levels in both glucose- and glycerol-
grown P. pastoris chemostats. Since glucose is known to repress the glyoxylate
pathway in S. cerevisiae [48] and measured activities of ICL in P. pastoris were similar
for glucose and glycerol, it was concluded that the flux through glyoxylate cycle was
negligible. This consideration has also been subsequently assumed in later studies
[24,49-52] by omitting the glyoxylate pathway from the metabolic network for 3C-
MFA. As shown in Error! No s'ha trobat I'origen de la referéncia., the activity through
glyoxylate cycle found in the present study is very low, almost negligible, and thus
confirms the previous assumptions by Sola et al. [20]. A second observation by Sola
and co-workers was that the fraction of mitochondrial pyruvate derived from malate
was also very low or negligible, thus indicating that the malic enzyme is likewise almost
inactive in cells growing on glycerol-limited chemostats. Our calculations are in
agreement with this observation. However, for the lowest dilution rate tested (0.05 h-
1), the relative flux through the malic enzyme reaction appears to be higher than at the
other dilution rates. Nevertheless, this flux is less than 20% of the carbon flux
contribution to the mitochondrial pyruvate pool.

The flux split ratio between gluconeogenesis and pentose phosphate pathway cannot
be assessed when using biosynthetically directed fractional *3C labelling of

proteinogenic amino acids based on uniformly labelled glycerol or glycerol/methanol
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mixtures [8,20]. Nevertheless, when applying the global fitting approach, fluxes
through the oxidative branch of the pentose phosphate pathway (PPP) have been
estimated for cells growing under such conditions [9]. Coherently with these previous
studies [9], our results indicate that the flux through the oxidative branch of PPP is
almost negligible (Error! No s'ha trobat I'origen de la referéncia.). Thus, the majority
of NADPH generated in cytosol would be produced in other reactions, such as the
glycerol oxidation. Flux directionality in non-oxidative branch of PPP could only be
determined within the 95% ClI for cells growing at D = 0.05 h™’. In the other two
conditions tested, estimated Cl includes both reaction directions as feasible Error! No
s'ha trobat l'origen de la referéncia.. This uncertainty on estimated PPP fluxes has
been previously described and attributed to the operation of PPP reactions close to
the thermodynamic equilibrium, i.e. bidirectionally feasible [53].

The resulting core model included several mitochondrial transporters that also act as
redox shuttles [54]. Nevertheless, the malate/aspartate shuttle appears to be the
major redox shuttle and TCA cycle intermediate metabolite transporter Error! No s'ha
trobat l'origen de la referéncia., while the flux through other transporters was
estimated to be very low, almost negligible. High exchange rates of
mitochondrial/cytosolic oxaloacetate were observed in previous studies on glycerol
[20]. Authors suggested the existence of a highly active mitochondrial shuttle.
Moreover, in cultivations on mixtures of glycerol and methanol, a high transcription of
genes involved in the malate/aspartate shuttle was reported [25]. Therefore, those
previous studies support our results that point at the malate/aspartate shuttle as the

major redox shuttle and TCA cycle intermediate metabolites transporter.
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Impact of dilution rate on metabolic flux distribution

Although the flux through the oxidative branch of PPP is very low, and could therefore
be considered as negligible, the upper bound of the Cl of the relative flux through the
oxidative part of PPP appears to increase with the growth rate while the uncertainty in
the measured data is similar. Hence, while cultivations at 0.05 h! are estimated to
have a relative flux between 0 and 0.2, those at 0.10 and 0.16 h'! showed a Cl upper
bound of 6.7 and 13.9 respectively. Thus, it would suggest that at higher growth rates,
the average relative flux through the oxidative branch of PPP is in fact higher than at
lower growth rates. Consequently, the upper bounds for the non-oxidative part of the
PPP are also increased at higher growth rates. As recently detailed for P. pastoris [19],
the growth rate hypothesis (GRH) describes a positive correlation between the growth
rate and the RNA and protein content [55-57]. Moreover, the analysis performed of
the RNA content of cells growing on glycerol at different growth rates also depicts this
positive correlation [19]. Considering that major precursors for nucleic acids
biosynthesis are generated in the pentose phosphate pathway [45], an additional
demand of RNA would require an increase in PPP activity. Thus, the estimated increase
in relative flux through the oxidative branch of PPP at high growth rates is consistent
with the additional demand for RNA precursors, in agreement with the GRH recently
described for P. pastoris [19]. Concomitantly, the split ratio between gluconeogenesis-
PPP and lower glycolysis at the glyceraldehyde 3-phosphate node is also altered with
the growth rate. As a result of the increase in the relative flux though gluconeogenesis
and PPP at higher growth rates, there is a reduction of relative flux through the lower
glycolysis part and consequently to the TCA cycle (Fig. 1). Similar results were reported

by Jorda et al. [9] in chemostat cultivations using mixtures of glycerol and methanol as
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carbon sources at low and high dilution rates (0.05 and 0.16 h'!). Among the different
mixtures of glycerol and methanol tested, a qualitative comparison of our results with
the reported condition at lower methanol:glycerol ratio (20:80, w/w) can be
performed. In this study, invariant absolute fluxes through the TCA cycle (citrate
synthase reaction) were observed when comparing low and high growth rates, while
the substrate uptake rate was much higher at the highest growth rate. Therefore, the
flux through citrate synthase reaction relative to the substrate uptake rate was
significantly reduced at the high growth rate, in agreement with the present results.

A correlation with the relative flux through the malate/a-ketoglutarate transporter
and the growth rate is also observed. The upper bound of the Cl increases with the
dilution rate, thus the relative flux for D=0.16 h* would be the highest possible with
respect to the other conditions. These results are also in agreement with those
described by Sola et al. [20]. There, authors described that at higher growth rates the
cytosolic-mitochondrial exchange flux of oxaloacetate was largely unidirectional from
the cytosol to the mitochondria. A flux increase in malate/a-ketoglutarate exchange
reaction is coherent with the increased unidirectional transport of oxaloacetate into
the mitochondria, previously observed under similar growth conditions [20], as malate
is subsequently oxidised to oxaloacetate in this organelle. That is, a flux increase in the
malate/a-ketoglutarate shuttle could in fact reflect an increase of the oxaloacetate

transport net flux into the mitochondria.

Redox cofactor regeneration and energy metabolism

Redox cofactors were excluded from the metabolic flux calculation step using carbon

labelling data in order to avoid biased solutions. Consequently, metabolic fluxes are
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derived exclusively from the adjustment of experimental MIDs to the calculated
metabolic isotope distribution and measured input/output fluxes with no interference
of other additional information. Once the metabolic fluxes were estimated, a
calculation of both oxygen and cofactor regeneration was performed in order to check
whether the estimated solution implicitly satisfies the electron balance. Initially, the
estimated flux distribution solution predicted an excess of cytosolic NADH that could
not be oxidised. Cells have redox shuttles that are able to transport NADH indirectly
from cytosol to mitochondria [54]. One of these redox shuttles is the malate-aspartate
shuttle. In this particular case, despite being present in PpaCore, the exact specific
activity of the mitochondrial shuttle cannot be calculated as no carbon rearrangement
takes place. Consequently, only the net flux in the shuttle system can be calculated
(i.e. difference between the cytosolic and mitochondrial flux). Therefore, scaled fluxes
in both compartments would result in identical flux relative distributions, but with
additional amounts of NADH being translocated to the mitochondria. Regarding the
inability to predict scaled up fluxes in redox shuttles employing the currently used
constrains, an additional flux fitting was performed by adding the cytosolic NAD(H)
balance to the stoichiometric matrix for flux estimation. As a result, identical flux
distributions were obtained for reactions other than the mitochondrial redox shuttle.
Moreover, the increase in flux of mitochondrial redox shuttle in the new calculation
corresponds exactly to the calculated excess of cytosolic NADH. Correspondingly, the
theoretical oxygen consumption rates were calculated assuming that all the NADH
excess is consumed in the ETC. Oxygen requirements included in the biomass equation
were also taken into account and constrained in the ETC calculations. Thus, for each

growth rate, the theoretically calculated oxygen requirements account for over 97% of
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the experimentally determined oxygen consumption rates. Therefore, metabolic fluxes
and calculated variables are highly consistent with the experimental data.

Using the metabolic flux distributions and a global electron balance, maximal ATP
generation rates were also calculated. Thus, growth associated and non-associated
maintenance energy was calculated as described in the Materials and Methods
section. The y-intersection in the regression of maximal ATP generation rates with the
growth rate is 1.22 + 0.48 mmol ATP - gocw™ - h'! and corresponds to the NGAME (See
Fig. S1 for the graphical representation). Despite the difference, this value is
comparable with the 2.51 reported in our previous study [19] for cultivations on
glycerol. In addition, GAME was estimated to be 88.8 + 4.1 mmol ATP - gpcw?, that is
higher but comparable to the 70.7 mmol ATP - gocw™* calculated in the previous study,
given that only 3 different growth rates are available.

It is worth mentioning that the oxidative branch of PPP is usually considered the
major source of cytosolic NADPH [49,58]. Nevertheless, the predicted flux through this
pathway in this case is very low, almost negligible, in accordance with previous 3C-
MFA estimations on mixtures of glycerol and methanol [9]. In fact, those studies
already suggested that alternative reactions must supply the required cytosolic
NADPH, otherwise a NADPH imbalance was observed. Our GSMM contains all the
relevant reactions producing NADPH in cytosol. As a result of automatic model
reduction, PpaCore contained the NADP*-dependent glycerol oxidation, although
previous core models proposed a NAD*-dependent glycerol oxidation. Therefore, it
seems plausible that the NADP*-dependent oxidation of glycerol pathway is used in
glycerol-grown cells. In this way, it would be the major source for cytosolic NADPH

formation.
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Conclusions

The use of 3C-positionally labelled glycerol in the steady state CLEs combined with the
analysis of the labelling patterns of proteinogenic amino acids allowed, for the first
time, a more reliable estimation of metabolic fluxes through the central carbon
pathways of P. pastoris cells growing on glycerol as sole C-source within an acceptable
confidence range. A new protocol was used to determine the metabolic flux
distributions of P. pastoris growing in glycerol at different dilution rates. The results
allowed to verify previous hypothesis, calculate energetic parameters and propose
alternative cofactor utilization.

Furthermore, we have developed and tested a more robust steady state workflow for
13C-MFA of yeast growing on glycerol as sole carbon source, enabling efficient support

for glycerol-based metabolic and bioprocess engineering applications.
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Figure Captions

Table 1. Reconciled macroscopic growth parameters for glycerol cultivations at

different growth rates. D (hl) corresponds to the set point dilution rate and Deg (hl) to the
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experimentally measured D. gs, do, and qco, are expressed in mmol - gocw*- h™. Units for qx are Cmmol - goew™- h-
1Yxs represents biomass yield (gx - gs1). RQ is the respiratory quotient.

Table 2. Main properties of P. pastoris models used and generated in this study.

Fig. 1. Metabolic flux distribution estimated for P. pastoris growing on glycerol at
different dilution rates. 0.05 h (top box), 0.10 h'* (middle box) and 0.16 h'! (bottom box).
Results are expressed as the 95% confidence interval of the estimated fluxes relative to the
glycerol uptake rate in mmol glycerol - gocw™ - h™l. Lower and upper bounds of Cl correspond to
the maximum and minimum Cl bounds between the replicates. Flux directionality assumption

was represented by arrows; therefore, negative fluxes describe opposite direction.
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664 Table1l

Dsp 0.05 0.10 0.16
Dexp 0.046 £ 0.006 0.098 % 0.009 0.166 % 0.006
Os -0.72 £ 0.11 -1.45 %+ 0.13 -2.52+0.14
ax 1.62 £ 0.21 3.43+0.31 5.89 £0.23
dco, 0.55 £ 0.12 0.93 £ 0.07 1.65 £ 0.18
do, -0.90 £ 0.18 -1.66 £ 0.14 -2.89 £ 0.25
Yxs 0.70 £ 0.02 0.73 £ 0.01 0.72 £ 0.01
RQ 0.60 £ 0.02 0.56 £ 0.01 0.57 £ 0.01
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667

Table 2

(g-gDCW1-h 1)

668
iMT1026 v3.0 | PpaPruned | PpaCore | Openflux Prggae
# reactions 2237 495 77 120 670
# internal metabolites 1706 513 102 100 671
# external metabolites 175 9 9 9 672
Maximal biomass generation rate 0.0940 0.0939 0.0939 ~ 673
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Additional File S1. Contains the original (PpaGS), reduced (PpaPruned) and
compressed model (PpaCore) in Cell Net Analyzer format. In addition, the instructions
followed for generating the reduced model are also included and described. PpaGS
model is derived from the original iMT1026 v3.0, but due to numerical tolerance
constrains in model reduction, the ‘cof_c’ metabolite was removed from the specific

biomass equation describing growth on glycerol.

Additional File S2. Contains: Table S1: The Reduced stoichiometric model used for
13C-MFA. Table S2: Corrected experimental and simulated MIDs for each experimental
replicate and corresponding analysed peaks from each corresponding derivatisation
method. Table S3: Metabolic flux distribution estimated for P. pastoris growing on
glycerol at different dilution rates. Fig. S1: Correlation among the calculated ATP

turnover and the corresponding growth rate.
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