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Abstract: A dynamic macroscopic simulator based on Flux Balance Analysis (FBA) is proposed to predict
the dynamics of biomass growth, substrate consumption (glucose and ammonium) and ethanol production
in S. cerevisiae fed-batch cultures. It is based on a metabolic network containing the main metabolism of
the yeast, an objective cost function aiming at maximizing the biomass growth, different inequalities
corresponding to some biological assumptions such as glucose overflow metabolism and inequalities which
link the fluxes to models of substrate uptake rates. Since it was not possible to accurately correlate the input
fluxes with only the extracellular species concentration, a new variable is introduced in the uptake rate
models using the information at intracellular level. We first determine the dynamics corresponding to the
intracellular metabolite, namely alpha-ketoglutarate, and, in a second part, this new information is used for
modelling the input flux rates. Secondly, all the information is integrated in a set of mass balances for
building a simulator based only on the initial conditions of each species and the feeding rate. It is validated
with direct and cross-validation. This model allows, on the one hand, reproducing the dynamics of
extracellular species and, on the other hand, describing the accumulation of alpha-ketoglutarate.
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2019), CHO cells (Provost et al., 2006) and E. coli (Hoffner,
Harwood and Barton, 2013). Generally, FBA-based simulators
use the available external measurements for predicting the

The emerge of genetic engineering, genomics and their uptake rates with extended Monod;laws. There are some
technologies has increased the knowledge and understanding ~ efforts to predict the accumulation of intracellular metabolites,

of biotechnological processes. In such processes, such as the study'of Barogkh et al. (2014), which proposed a
mathematical modelling plays a key role since it allows dynamic metabolic modeling framework that handles the non-

control, optimization, design, scale-up and monitoring. balanced growth condition in the accumulation of lipids and

Macroscopic models provide a general description of the carbohydrates in the microalgae Tisochrysis lutea.

system without considering the intracellular behavior. They

require the choice and validation of macroscopic reaction In this study we propose an FBA-based simulator for
schemes and the selection of appropriate kinetic models for the predicting  glucose, ammonium, biomass and ethanol
reaction rates. Metabolism of microorganisms generates concentration time profiles in S. cerevisiae fed-batch cultures
valuable information that can be used for metabolic models as ~ based on appropriate kinetic models for estimating input
an alternative to the macroscopic models. The main issue of uptake rates. We have observed in this case that it is impossible
metabolic models is the underdeterminacy, in the sense that the ~ t0 accurately correlate the input rates with the concentration of
system to be solved generally contains more fluxes to be extracellular species. For this reason, we use information at
determined than the available equations (e.g., mass balances of intracellular level, namely on the accumulation of alpha-
internal metabolites, measured external fluxes). Flux Balance Ketoglutarate, and consequently, we have to get rid of the
Analysis (FBA) is one of the most effective methods to try to assumption of non-accumulation for that metabolite. The
circumvent this problem (Orth, Thiele and Palsson, 2010).  selection of this metabolite is in agreement with the
This approach uses linear programming to predict metabolic macroscopic model of Richelle, Fickers and Bogaerts (2014),
fluxes and is based on the assumption of quasi-steady ~ Which used the prediction of alpha-ketoglutarate concentration
(Murabito et al., 2009) and the premise of an optimal behavior ~ for reproducing the input flux rates, within the same case
such as maximum growth rate (Simeonidis et al., 2010). study.

Different models have been used for predicting concentration

time profiles of the main extracellular species coupling FBA The original point of this contribution consists in showing how
and ODE’s in dynamic FBA models, including mammalian ~ t0 manage accumulation of internal metabolite based on the
cells (Richelle, Gziri and Bogaerts, 2016; Bogaerts, Mhallem  input flux rates. The key idea is to describe the dynamics of

Gziri and Richelle, 2017), S. cerevisiae (Plaza and Bogaerts, ~ the metabolite accumulation by using a linear combination of
the input fluxes.

1. INTRODUCTION

2405-8963 © 2019, IFAC (International Federation of Automatic Control) Hosting by Elsevier Ltd. All rights reserved.
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The text is organized as follows: Section 2 presents a brief
summary of the FBA-based model proposed by Plaza and
Bogaerts (2019). Section 3 proposes the chosen strategy for
modeling input uptake rates and the accumulation of alpha-
ketoglutarate. Section 4 describes the final FBA-based
simulator, the parameter identification procedure and the
model validation. Finally, section 5 presents conclusions and
perspectives

2. FBA-BASED PREDICTION OF BIOMASS AND
ETHANOL CONCENTRATION TIME PROFILES

A FBA-based predictor for biomass and ethanol concentration
time profiles in S. cerevisiae fed-batch cultures was proposed
in Plaza and Bogaerts (2019). The dynamics of the cultures
were described with mass balances on each substrate (glucose
and ammonium), product (ethanol) and biomass for describing
the evolution of their concentrations over the time:

V=F 1)

G =—v:X(t) + D(t)( Gfeea — G () ) (2)

N = _VNX(t) + D(t)( Nfeed - N(t) ) (3)

X =vP'X(@t) - D)X )

Emin = (g () min X(€) = D()Eppin (£) (%)

Emax = (UE (t))max X(t) - D(t)Emax (t) (6)
where

e D is the dilution rate;

e G N X E,. and E,; are the concentrations of
glucose, ammonium, biomass and ethanol;

e v and vy are the specific uptake rates;

o (vg(t))"™ mx and vy(t) are the (minimum and
maximum) ethanol production and growth rates;

®  Gped and Nyeq are glucose and ammonium feeding
concentrations.

The features of this contribution were:

- use of measured time profiles for the input fluxes (glucose
and ammonium);

- 2 inequality constraints for describing glucose overflow
metabolism;

- estimation of the biomass composition according to the
ammonium feeding rate;

- prediction of v2P* and (g (t)y"" "= by FBA accounting for
biomass growth maximization;

- prediction of the concentration time profiles of biomass and
ethanol.

For maximizing the biomass, the following linear program
(LP) was considered,

v (t) = max v () Vi (7)
under the constraints,

Sv=0; ®)

SinV < (1 + e,) v (t);

SinV = (1 — e)vin (tr );

Aineq v < bineq;

followed by 2 LP’s, which allow obtaining the minimum and

maximum values of wvp corresponding to biomass

maximization:

MIN,MAX M

Vg (t) = Min, Maxvg ,Vt; 9)
v

under the constraints depicted in Eq. (8) and the additional
equality constraint:

opt

v (t) = vy (10)

(tx) Yty

where SeR**% is the stoichiometric matrix with 59 rows
corresponding to the balanced internal metabolites and 85
columns to the metabolic fluxes, v € R8 the vector of
metabolic fluxes, Si,€R*® the stoichiometric matrix for
glucose and ammonium, v}, (t,) = [v; vy] the consumption
rates of glucose and ammonium, e, the smallest variation
coefficient (1% in this work) which allows feasible solutions
to the LP {(7),(8),(9)} at each time instant ty, AineqV < bineq
are additional inequality constraints corresponding to some
biological assumptions such as glucose overflow metabolism.

More details about the case study, the metabolic network used,
the stoichiometric model, the different inequality constraints
representing overflow metabolism, biomass composition and
FBA-predictor can be found in Plaza and Bogaerts (2019).

3. FROM A MODEL BASED ON UPTAKE FLUX
MEASUREMENTS TO A DYNAMICAL
SIMULATOR OF S. CEREVISIAE FED-BATCH
CULTURES

For building a global dynamical simulator, the glucose and
ammonium specific uptake rates (v, and v,) measurements
must be replaced with appropriate kinetic models as those
described in Richelle and Bogaerts (2015). Therefore,
integrating such models in the set of mass balances {2,3}
results in a simulator model able to predict the dynamics of
glucose, ammonium, ethanol and biomass. The inputs of the
simulator will be: i) the initial conditions of the process
(biomass, substrates, products and initial culture volume for
starting the process) and ii) the culture medium feeding rate.

3.1 Modelling of substrates input fluxes

As explained before, the information about the input fluxes
will be provided through kinetic model structures:

(11)

The usual way to model (11) consists in using the well-known
extended-Monod factors:

s =t || i [
in,k — Mmax,k
e $m + Ki_ag,, lery &+ Kic i,

vi];l (‘91'71: t) = [UG (’Sin' t) Un (’Sin' t)]

(12)
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Fig. 1. Direct validation results: in the top, biomass concentration profiles of the 4 experiments, in the medium, maximum
(blue) and minimum (red) ethanol concentration profiles of the 4 experiments and in the bottom alpha-ketoglutarate prediction.
Comparison of 95 % confidence intervals of the measurements (red bars) with the estimation of the concentration time profiles

obtained with the FBA-based model.

where v, ;. is the simulated input rate £ (glucose or nitrogen),
Umax i is the maximum specific rate of the input k, EeRY is the
vector of macroscopic species concentration (G, N, E and X),
Ry and Py are, respectively, the sets of indices of the
components which activate and inhibit the input rate &, Ky _¢,,
and Kj ¢ are respectively a saturation and an inhibition
constant of input rate k.

The parameters associated to v; and vy are identified by
solving the dynamic Egs. (1)-(6) with Matlab ODE solver
odel5s and using the Nelder-Mead simplex method (function
fminsearch) in order to minimize a least squares criterion.

n N
J©) = 3" 0y(0) = Vonesi) (W) g (O) = Yowess) (13
j=1 i=1
where 6 is the vector of parameters to be identified
0" = [tmaxk Ky _ace,, Kk_lfl]s Y5 () = [G; Nij] is the
vector of simulated variables calculated from mass balances
(1)-(6) at the i time instant of the j* experiment, ;"
[Gmes,i i Nimes,i j] is the vector corresponding to the
measurements of glucose and nitrogen and W is a weighting
matrix defined as:

VVif = diag( UZ(Gmes,ij) ’ UZ(Nmes,ij)) (14)
where 2 are the variances of the corresponding measurement
errors. 100 uniformly distributed pseudo- random values over
a given range were used as multistart strategy for the
initialization of the algorithm to circumvent local minima and
convergence problems.

esij =

Note that v2P* and W (£)y"™ ™= used in (4), (5) and (6) are, at
this step of the procedure, the growth and ethanol production
rates obtained in Plaza and Bogaerts (2019).

Different model structures have been obtained by trial-and-
errors, i.e. testing extended-Monod factors for each external
measurement available (results not depicted) without
obtaining convincing results that could reproduce adequately
the uptake rates. For tackling this problem, we use the
information provided at the intracellular level by the alpha-
ketoglutarate concentration, which requires to get rid of the
assumption of non-accumulation of this metabolite. This is in
accordance with the macroscopic model of Richelle, Fickers
and Bogaerts (2014), which used such an additional
intracellular state variable for the same case study. For doing
so, a two-step procedure is implemented: i) dealing with the
problem of non-balanced alpha-ketoglutarate (section 3.2) and
ii) using the new signal for modeling the substrate input fluxes
(section 3.3).

3.2 Non-balanced alpha-ketoglutarate
In order to develop a simple model involving alpha

ketoglutarate, the following reaction scheme is proposed
deduced from Richelle, Fickers and Bogaerts (2014):
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G vG SszatX (15)
vg >,

6 %X LE+ kA (16)

N+ kppd -5 x (17)

The alpha-ketoglutarate (A) intracellular species is:

i) produced by glucose during fermentation, in accordance
with the assumptions of Aon and Cortassa, (2001) and
Richelle, Fickers and Bogaerts (2014);

ii) in a coordinate consumption with nitrogen for producing
biomass (Guillamén et al., 2001).

According to the above reaction scheme, alpha-ketoglutarate
accumulation is given by:

(18)

A= ky (UG - Vasat) — ka2 vy

Transforming (18) in inequality constraints that can be used
in the FBA-model:
if Vg < szat (19)
A = — kAZ Un
else
A=ky (UG - Vasat) — ka2 vy
end
The term corresponding to alpha-ketoglutarate in the
stoichiometric model becomes:
A= Salpha v (t) (20)
where S;pna€R1xgs is the stoichiometric row corresponding
to alpha-ketoglutarate.

The new parameters are identified by solving (1)-(6) in
combination with (7)-(10), (19) (with measured v; and vy)
and (20) with Matlab’s ODE solver ode15’s using the Nelder-
Mead simplex method (function fminsearch) and  the
formalism in (13) and (14) but with 8T = [ky; k451, }’5(9) =
[Xij Eij]) Yanes,ij = [Xmes,ij Emes,ij] and Wi =
diag(0®(Xmes,ij) »0%(Emes,ij))- Results are presented in
Table 1 and Fig. 1.

Table 1. Identified values (dim 9= 2)

Parameter Initialization Identified Values
values
keqq 0,001-1.0 0.0353
kg, 0,001-1.0 0.0022

3.3 Substrate input fluxes: using the non-balanced alpha-
ketoglutarate

In the same way as in the beginning of section 3, the input
fluxes are modelled using the same procedure, but now using
the prediction of alpha-ketoglutarate dynamics of section 3.2.
Different model structures have been obtained by trial-and-

errors and the following extended-Monod structures are
chosen:

e2y)

1 2 3
N Nmax N A A

The parameters Ugmax, K1, Koo K3 Unmax Kao Ks and Ky are
obtained by minimizing a least-squares criterion (13),
weighted by the inverse of the measurement error variances
(14), comparing the measurement of G and N with their
estimations obtained by solving, the ODE’s (1)-(6) and (20),
using the predictions of vIP*, (v (£))"" "+ and A obtained in
section 3.2.

The results, obtained after a multi-start strategy with 100
different parameter initial guesses, are presented in Table 2 in
Fig. 2.

Table 2. Identified values (dim 9= 8)

Parameter Imt‘llzllllf::wn Identified Values
Uemax 1-20 17,9069
K, 0.01-2 0,5177
K, 1-5 6,3010
K, 0.001-0.1 0,0023
Unmax 0.1-2 0,7183
K, 0.01-2 0,4237
K 0.001-0.1 0,0161
K 0.001-0.1 0,0048
s \ 7 sedttiiis |
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Fig. 2. Comparison of the 95% confidence intervals of the
measured concentrations (in blue) with their model estimates
(in red) for glucose (at the left) and ammonium (at the right)
for the different experiments.
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4. DYNAMICAL SIMULATOR OF S. CEREVISIAE FED-
BATCH CULTURES: FINAL PARAMETER
IDENTIFICATION AND VALIDATION

The dynamical simulator of S. cerevisiae is described by (1)-
(6), (20)-(22), where vP and (vg (t))"" ™* are determined by
solving the FBA problem depicted in (7)-(10), Vpes,, (tx) =
[ve vy] is computed with (21) and (22), the dynamics of A4 is
given by (19).

In this final step, the parameter values identified for the alpha-
ketoglutarate dynamics (Table 1), substrate uptake models
(Table 2) and the additional constraints and variable biomass
composition (parameters @y, @y, B,V, €, Vg, Vern identified
in Plaza and Bogaerts, 2019) are used as initial values for the
optimization algorithm (fminsearch) minimizing the sum of
squared differences between the simulator outputs and the
experimental measurements. This is expressed with the
general formalism used in (13) but where 67 =
a1 a2 B Y €Viyy, Vern ka1 Kaz homax K1 Ko K3 Unmax Ka

Ks Kq, Y5 (0) = [Gi; Nij Xi; Ey] is the vector of simulated
variables calculated from mass balances (1)-(6) at the i time

instant of the Jh experiment,

[Gmes,ij Nmes,ij Xmes,ij Emes,ij] and VVL’j =
diag( 02 (Gmes,ij)' 02 (Nmes,ij)' 02 (Xmes,ij) ) 02 (Emes,ij)) .

T —
Ymes,ij -

To evaluate the goodness of fit of measured values versus the
simulated ones, the linear correlation coefficient (R?) is
computed for each simulated variable in direct and cross
validation of the model:

T TN (Y5 (0) = Yines, i)™ (Yij(0) = Yimes,ij)
?:1 Z{V:l(YU(H) - Ymes,l])T (Yl.j(g) - Ymes)
where 6, Y;1(6), Ys;; are defined as above and Y., is the

mean of the corresponding data points of the different
experiments.

RZ=1- (23)

Table 3. Parameter values (dim ¢ = 17) identified with all
experiments (direct validation) and all sets of 3 experiments
(leave-one-out cross validation)

Exp Exp Exp Exp Exp

1-2-3-4  1-2-3 1-2-4 1-3-4 2-3-4

o1 0,3227 0,3848 0,4281 0,4051 0,4793
o 0,3264  0,4555 0,3344 0,2783 0,4793
B 0,1352  0,1277 0,1269 0,1384 0,1368
Y 0,0569  0,0337 0,0310 0,0805 0,0886
£ 0,1289  0,0639 0,1265 0,1237 0,4793
Voo 0,0017  0,0005 0,0005 0,0033  0,0064
Veen,  0,0019  0,0036  0,0003 0,0013  0,0021
ka1 0,0702  0,1652 0,3206 0,0471  0,0830
kao 0,0021  0,0054 0,0076  0,0025 0,0028
Uemax 14,9603 23,7742 35,1657 12,8165 22,5404
K; 0,2429  0,1547 2,4505 0,3083 0,1281

K, 19232 31462 2,5332 18192 3,6962
Ks; 00212 00301 00445 0,0358 0,019
Unmax 2.8668 24464 0,5862 19781  0,6808
K, 1,0308 04880 15532 0,6289 0,9752
Ks 04697 04449 02223  0,6367 0,0632
K, 0,0457 00393 02637 0,058 0,0423
RG* 07836 0,7493  0,6110 06011  0,6523
R 08920 08113 0,8761 08915 0,8455
R%* 09154 08984 09363 0,9460 0,9339
R 09287 09177 08640 09166 0,9481
SSE® 3150,11 3562,08 4331,85 5050,5 109624

2 R%G, R’N, R’y and R’ are calculated from Eq. (23) on the
whole set of experiments (1-2-3-4).

> Sum of squared errors (SSE) are calculated from equation
(13) on the whole set of experiments (1-2-3-4)

The parameter identification results are presented in Table 3
and Fig. 3 (direct validation and cross validation). Among the
4 available experiments, the 4 existing subsets of 3
experiments have been used for identification procedure
(section 3.2 and section 3.3) and, in each case, the remaining
experiment has been used for cross-validation. Only the results
of the final step of the identification are shown in Table 3.

The simulator gives good predictions for the time profiles of
the macroscopic species concentrations, in both direct and
cross validation. Moreover, the identified parameter values are
in the same range of the initialization values.

This goodness of fit is also confirmed by the regression
coefficients which are all greater or equal to 0.81 for
ammonium, biomass and ethanol, except for glucose, which
had a lower value of 0.78 in direct validation and 0.60 in cross
validation. This is due to the dynamics of glucose which is not
well captured in the beginning of experiment 1. Regarding the
SSE, the values have the same order of magnitude computed
on all sets of experiments (Table 3), except for the set of
experiments 2-3-4. This latter can be explained since the
experiment 1 is the one which has the information regarding
nitrogen limitation conditions.

5. CONCLUSIONS AND PERSPECTIVES

This contribution introduces an FBA-based dynamical

simulator of fed-batch cultures of S. cerevisiae, which allows

to predict the dynamics of extracellular species and one

intracellular metabolite. The FBA-based model is based on:

- models of the substrate specific uptake rates,

- inequality constraints for explaining glucose overflow
metabolism,

- an objective cost function accounting for biomass growth
maximization,
biomass composition as a function of the presence or
absence of ammonium concentration in the feeding rate,

- one internal metabolite which is assumed to be unbalanced.
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Fig. 3. Comparison between model simulation and measurements of the 4 experiments (direct validation). Comparison of 95
% confidence intervals of the measurements (blue bars) with the estimation of the concentration time profiles obtained with

the FBA-based simulator

The final simulator has a structural complexity of 17
parameters. The identified model successfully reproduces the
biomass, substrates and product concentration time profiles in
direct and cross-validation.

This work allows to build a biological culture simulator which
efficiently predicts external substrates consumption, biomass
and metabolites production based on a metabolic network and
constrained dynamic FBA.

The sensitivity of model outputs with respect to parameters
will be analyzed, possibly leading to a model reduction. In
addition, the work presented here could be described in a
systematic methodology and applied to other possible
intracellular metabolites.
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