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Abstract: This paper reports on designing a digital twin of a yeast culture process in an
industrial context. Using a rich experimental data set corresponding to different input profiles,
an original dynamic model based on the assumption of cell overflow metabolism is derived. The
kinetic laws are represented by smooth functions combining Monod and Jerusalimski factors,
which model rate activation and inhibition, respectively. Parameter estimation is achieved
following an iterative procedure including practical identifiability analyses which allow the design
of informative experiments, enhancing parameter precision and accuracy.
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1. INTRODUCTION

Digital twins are now increasingly popular in the bio-
pharmaceutical sector and have renewed the interest in
mathematical modeling in all possible forms, from stan-
dard physics-based models to machine learning paradigms
(Amribt et al., 2013; von Stosch et al., 2014; Retamal
et al., 2018). For developing dynamic models of cultures
in bioreactors, physics-based models, or more precisely,
macroscopic biology-inspired models based on mass bal-
ance ordinary differential equations are still the solution of
choice given their relatively small number of parameters.
Indeed, collecting large amounts of experimental data re-
mains time- and money-expensive, hampering the use of
machine learning models. While Raman or near-infrared
probes combined with chemometric models can provide
more information on the evolution of the culture metabo-
lites (Yousefi-Darani et al., 2021), conducting experiments
under various operating conditions specifically designed to
unveil the dynamic models remains uncommon.

The primary focus of this article is to present a novel dy-
namic model for a vaccine production bioprocess, which is
based on a genetically modified yeast strain. The challenge
begins with creating an appropriate model structure, fol-
lowed by identifying the unknown model parameters from
experimental data. The yeast strain’s metabolic behavior
is characterized by overflow metabolism (Crabtree, 1929),
and our approach is distinct in that we avoid the use of
switches in the kinetic model (Sonnleitner and Képpeli,
1986; Dewasme et al., 2011; Retamal et al., 2018), opting
instead for a combination of modulation factors that rep-
resent activation and inhibition effects, thereby enabling
continuous transitions between metabolic modes.

Even though rigorous experiment design procedures have
been proposed in the literature (for instance, based on the
determinant or the condition number of the Fisher Infor-

mation Matrix - FIM (Telen et al., 2012)), they usually
lead to computationally expensive optimization, which can
become unpractical as the number of parameters increases
(Bhonsale et al., 2022). Hence, in this study, we follow
a simple, pragmatic approach, where, starting from one
culture run, a first model structure and its parameters are
deduced, as well as various information, including a pos-
teriori sensitivity analysis, FIM, and confidence intervals,
as well as validation results. Next, a second experiment is
suggested, and the additional information is used to ques-
tion the previous proposal and to hypothesize on different
structural and/or parametric changes. The reasoning is
pursued along this route, leading to the realization of a
limited number of experiments, typically 4-5 bioreactor
runs.

In our specific case study, the achievement amounts to
being quite satisfactory. It offers a relatively parsimonious
dynamic model of the cultures that could be further used
for the design of state observers (software sensors, Bo-
gaerts and Vande Wouwer (2003)) or model-based con-
trollers (Abadli et al., 2022), opening up new possibili-
ties in the biopharmaceutical sector. This paper aims to
present and discuss this case study, highlighting the pitfalls
and positive findings in a real-industrial context.

This paper is organized as follows. The next section is
dedicated to the presentation of the modeling methodology
and section 3 describes the proposed dynamic model.
Section 4 presents the experimental setup and the data sets
that were used to identify the model in section 5. Model
validations are discussed in section 6 and conclusions are
drawn in section 7.

2. METHODOLOGY

The iterative methodology of Banga and Balsa-Canto
(2008) has been followed to develop a mechanistic model
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Fig. 1. Methodology to obtain the model

of yeast metabolism, explaining biomass growth, substrate
consumption, and ethanol production by fermentation as
well as its possible consumption. This cyclic procedure is
illustrated in Figure 1. It starts with a model structure
proposal based on culture data set analysis. Then, the
model parameters are estimated and evaluated via their
confidence intervals, ensuring their practical identifiability
through a posteriori analysis. The latter analysis allows
verifying the uniqueness of the solution of the correspond-
ing optimization problem (Balsa-Canto et al., 2010).

The parameter identification procedure involves the use of
optimizers to achieve the data fitting. The model, along
with its estimated parameters, must not only be vali-
dated using the initial experiment (direct validation) but
also through new experiments (cross-validation). These
steps are usually assessed using a root mean square error
(RMSE) criterion to characterize the fitting accuracy and
the analysis of the FIM to obtain parameter confidence
intervals that indicate the model precision. If the RMSE
and the parameter confidence interval results do not meet
some expected levels, new experiments are proposed to
enrich the data set and better highlight the kinetic mech-
anisms that were not sufficiently well identified. Moreover,
before suggesting a new experiment, a sensitivity analysis
for each parameter will be conducted to evaluate whether
the new experimental data will improve the identification
of that parameter. The cycle is then repeated conformly
to Figure 1. This paper presents only the results from the
final cycle, which includes four experiments.

3. MODEL STRUCTURE DESIGN

The dynamic model is inspired by the bottleneck as-
sumption of Sonnleitner and Kéappeli (1986). This concept
suggests that yeast metabolism is constrained by its lim-
ited respiratory capacity and that any substrate overflow
leads to ethanol formation by fermentation considered
as a "short-term Crabtree effect" (Crabtree, 1929). The
proposed reaction scheme involves three macroreactions
and follows the same scheme as described in (Benavides
et al., 2024). The first reaction involves the oxidation of
the substrate, the second reaction describes the respiro-
fermentative pathway following substrate overflow, and
the third reaction considers the potential consumption of
ethanol, as follows:

Substrate oxidation : § 25 ky X (1a)
Substrate overflow : § 2% koE + ks X (1b)
Ethanol oxidation : E "% k3 X (1c)

where S, X, and E, respectively, stand for substrate,
biomass, and ethanol concentrations.

Following the bottleneck assumption, yeast metabolism is
likely to take two main pathways depending on the avail-
able amount of substrate (glucose) and the corresponding
respiratory capacity. When the respiratory capacity is not
fully saturated, the yeast operates in a respirative regime,
and the remaining capacity can be used to oxidize ethanol,
activating reactions (1a) and (1c) while (1b) is assumed to
be negligible. However, if the respiratory capacity becomes
saturated, the excess of substrate which is not oxidized
enters the fermentation pathway, producing ethanol. The
corresponding fermentation regime considers the activa-
tions of only reactions (1a) and (1b) while (1¢) is negligible.

In this study, we propose using a nonlinear continu-
ous model based on Monod activation/saturation kinet-
ics (Monod, 1949) complemented by inhibition factors
(Jerusalimski and Engamberdiev, 1969). This approach
differs from Sonnleitner and Kéappeli (1986), who suggest
discontinuous switching kinetics, for instance formulated
in (Dewasme et al., 2011; Richelle et al., 2014; Retamal
et al., 2018; Huet et al., 2022). Moreover, in contrast to the
study outlined in (Benavides et al., 2024), we incorporate
an additional inhibitory factor attributed to the presence
of ethanol in the second reaction. This factor was included
after restructuring the model based on data obtained from
new experiments, following the cycling methodology as
depicted in Figure 1.

Each reaction presents a rate of the following form:

r = 5 L L (2a)
1 Hm1 KS]_ + S 1 T KLIX 1 i KéE
S 1 1
Tro = umZ' : X ° E (2b)
KSQ+SI+K71X1+KIE2
FE 1 1
T3 = lUm3: 5 (2c)

Kp+E 1+ 2% 1+

The first reaction rate, denoted r; (2a), is activated by a
Monod factor related to glucose uptake which is limited
by the available respiratory capacity. The main inhibitory
components are biomass density and ethanol concentration
(respectively in the second and third factors). The second
reaction rate o (2b) is also governed by a Monod factor
related to glucose uptake and is similarly inhibited by
biomass and ethanol. However, the kinetic coeflicients are
assumed to differ from (2a) since the rates do not operate
through the same pathways. The third reaction rate r3 (2c)
is activated by the presence of ethanol under Monod kinet-
ics. This reaction rate also includes a respiratory capacity
inhibition factor, similar to the factors in equations (2a)
and (2b), which are related to biomass accumulation. Ad-
ditionally, another inhibition factor is included to address
the preferential consumption of the substrate.

This rate is activated when glucose, the primary substrate,
becomes exhausted. When applying mass balance to each
macroreaction, the following ordinary differential equation
system is obtained:
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dX

E = (k‘l"l"l + k3-r3 + k4~r2)~X —D-X (3&)
ds
% = 7(7‘1 +T2)X*DS+DS¢H (3b)
dE
L = (kgro —73)- X — D-E (3c)
%:D-V:Fm (3d)

where S, represents the glucose concentration in the inlet
feed, D = F;,,/V is the dilution rate, Fj, is the inlet feed
flow rate and V the bioreactor volume.

4. MATERIALS AND METHODS

A recombinant yeast strain of Saccharomyces cerevisiae
was used in this work. Each culture starts with an initial
bioreactor volume of 5.5 liters and a stirrer speed set to
260 rpm. The temperature is maintained at 30°C, while the
pH is regulated at 5 using a base solution. The bioreactor
is equipped with an in-line pO2 sensor that measures dis-
solved oxygen in percentage, a stirrer motor controlled to
maintain the pO2 above 60%, and a peristaltic pump that
controls the Fj,. For offline measurements, approximately
5 mL samples were taken every hour using an automated
cell culture sampling system, Numera® (Urdorf, Switzer-
land). These samples were analyzed for optical density,
glucose, and ethanol. The optical density measurements
provide an estimate of biomass concentration based on a
dry weight calibration. The cultures were conducted at
GSK, Rixensart, Belgium, and any other detail remains
confidential.

To build the model, we are considering an initial experi-
ment that consists of a 90-hour culture, with the first 20
hours being achieved in batch mode, followed by a fed-
batch culture with an exponential feed flow rate (Fj,).
This input flow is shown in Figure 2, and is referred to
as EXP1. All values have been normalized for the sake of
data confidentiality.

Following the methodology outlined in Figure 1, exper-
iments EXP2, EXP3, EXP4, and EXP5 were proposed
based on the progressing validation results of each iter-
ation. These latter include the sensitivity analysis of the
model with respect to each parameter for each experiment
reported in section 5. The resulting Fj,, profiles are pre-
sented in Figure 2.

5. PARAMETER IDENTIFICATION

4 experimental data sets were obtained from 4 distinct
fed-batch cultures identified as EXP1, EXP2, EXP3, and
EXP4, to estimate the model parameters. This procedure
follows the methodology outlined in (Benavides et al.,
2024), which employs a least-squares criterion representing
the weighted distances between the experimental data and
the model predictions as follows:
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Fig. 2. Feed flow rates for the designed experiments

N

J (9) = Z |:(y2 (9) - yi,meaS)T : Wz'il : (yz (9) - yi,meas)
i=1
(4)

where ¥; meas represents the measurement vector, y; the
model prediction vector, 6 the parameter vector, N the
number of measurement samples, and W; the weighting
matrix which is usually diagonal and contains the variance
of the measurement errors. In most cases, this variance
cannot be assessed precisely and is generally replaced by
the square of each state variable maximum level taken from
the data sets.

The minimization of the cost J is a nonlinear programming
problem requiring a numerical solver or optimizer. Among
the several available optimizers of the MATLARB libraries,
we selected the "fminsearch" function, which applies the
Nelder-Mead simplex algorithm. This method was chosen
for its effectiveness in handling nonlinear optimization
problems which are likely to present local minima.

The parameter values obtained from this optimization
procedure are listed in Table 1. The coefficient of varia-
tion (CV), which measures the relative variability of the
parameter estimates, is calculated using the FIM defined
as follows (Walter and Pronzato, 1997):

N
FIM = Z Se,iW; 'S5 (5)

=1

where Sy is the vector of the model local sensitivities (i.e.,
the sensitivities of the state variables y) to a specific set
of parameters 6, which reads:

Jyi
Sei = 6
0,i 90 ( )
The variances of the parameter estimation errors are
extracted from the diagonal of the inverse of the FIM,
which is assumed to be an optimistic estimate (or lower
bound) to the covariance matrix Cov as follows:
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FIM™ < Cov (7)

The CVs, expressed in percentage, were computed as the
relative standard deviations (square roots of the variances,
normalized by the estimated value of the corresponding
parameter), characterizing parameter precision, and there-
fore assessing model reliability.

Table 1. Parameter estimate values with their
respective CVs using four experiments

Parameter Parameter

Name Value Units CV(%)
T 0,89 [gS/gX/h] 22,0
K2 0,46 [gS/g(X+E)/h] 41,2
T 0,40 [gE/gX/h] 6,5
Kix 45,77  [gX/L] 1,8
Ks; 0,01 [gS/L] 26,4
Ks, 0,00 [gS/L] 27,0
K 31,79 [gE/L] 64,8
Kis 0,00 [gS/L] 253
K¢ 0,41 (gE/L] 1258
k, 0,12 (g/g] 30,2
k, 1,05 [g/gl 42,2
ks 1,54 [g/8] 1,3
k, 0,22 (g/gl 33,8
K2 5,30 [gE/L] 14,3

The corresponding relative sensitivities Sp are also com-
puted as in:

_ 6,
Se, = Se, — (8)

i

Yy

where § stands for the mean value.

The proposed experiments seek to highlight the effects of
the kinetic factors from (2), by actuating the feed rate
profile in such a way that the state variables span the
desired ranges and the sensitivities reach significant values.

The proposed design of experiments is exemplified by
the parameter K;g, which exhibits the highest coefficient
of variation (CV) value in Table 1. Figure 3 shows the
normalized sensitivity of ethanol to the parameter K;g for
different inputs in EXP1, EXP2, EXP3, and EXP4. A high
sensitivity of ethanol is located between 40 and 57 hours
during EXP1 but, unfortunately, not at any other moment,
which may induce a poor practical identifiability (i.e., large
CV). Practically, the only way to activate this sensitivity
(or growth inhibition by ethanol) would be to force high
ethanol concentrations all along the culture, which could
deteriorate the cell viability and prematurely end the
culture. A trade-off is chosen in EXP2, EXP3, and EXP4,
activating the sensitivity at different times (typically with
feed rate steps, see Figure 2), enhancing K g practical
identifiability, and reducing the corresponding C'V'.

Ethanol Sensitivity to KIE

:: '-: ..... EXP1

0 10 20 30 40 50 60 70 80 90
time [h]

Fig. 3. Sensitivity of the ethanol to the parameter K;g for
EXP1, EXP2, EXP3 and EXP4
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Fig. 4. Model direct validations for EXP1 and EXP2 using
the four available experimental data sets

6. DIRECT AND CROSS-VALIDATION

The experimental data of biomass, glucose, and ethanol,
as well as the feed rate Fj, profiles applied in experi-
ments EXP1 and EXP2, are visually reported in Figure
4. This figure also includes the predictions obtained with
the model considering the respective state variable initial
conditions as unknown parameters. Similarly, Figure 5 il-
lustrates the corresponding information for cultures EXP3
and EXP4. These four experiments were employed for
direct validation. In these experiments, biomass, glucose,
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Fig. 5. Model direct validations for EXP3 and EXP4 using
the four available experimental data sets

and ethanol data were measured offline every hour, while
the actual applied feed rate was indirectly measured by
the bioreactor weight variation every 5 minutes.

Model fitting quality is assessed using a normalized root
mean square error (NRMSE) criterion defined as follows:

D [010) — pimens)’]
i=1 _ (9)

yi,meas

NRMSE, =

where ¥; meas 1S the measurement output at time ¢, (y; (6*)
is the model output predicted with the estimated param-
eter set 6* at sampling time 4, N is the total number
of measurement samples, and Y; ...,s 1 the measurement
mean.

The NRMSE values for each variable can be found in
Figure 6. It is worth noting that despite the diverse
input profiles across the several experiments, the model
fitting and the corresponding NRMSE are satisfactory.
The NRMSE is also particularly low in EXP1, indicating
that the model prediction reliability is maximum for an
exponential feed profile.

NRMSEX NRMSES NRMSEE
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0.2 0.4
m 0.2 0.2
0 0 0

EXP1 EXP2 EXP3 EXP4 EXP1 EXP2 EXP3 EXP4 EXP1 EXP2 EXP3 EXP4

Fig. 6. Normalized RMSE of each variable and experiment.

Cross-validation has been achieved with an additional
dataset denoted EXP5. The experimental data and cor-
responding model predictions are shown in Figure 7. The
NRMSE values of biomass, glucose, and ethanol are 0.49,
1.08, and 0.84 respectively. The relatively higher NRMSE
value for glucose may be attributed to discrepancies lo-
cated between 20 and 30 hours of culture, where an un-
expected glucose peak occurs. This phenomenon is also
observed at a lower level during direct validations and
could correspond to an overestimation of the cell dynamics
(i.e., its capacity to consume glucose during this period)
which is easier to catch at a higher biomass concentration
order of magnitude. This suggests a possible and unmod-
eled evolving metabolism from the first hours to the late
instants of the culture. From a control point of view, a
robust framework should be envisaged to alleviate model
uncertainties (Dewasme et al., 2024). Hybrid modeling
could also be considered to adapt model parameters with
the help of physicochemical or other metabolic informa-
tion.

7. CONCLUSION

In this study, a practical method was used to develop a
mathematical model for predicting the time evolution of
biomass, glucose, and ethanol concentrations in a 90-hour
fed-batch culture of the yeast S. cerevisiae. The method is
based on a cyclic procedure that involves multiple steps.
First, a model structure is proposed after analyzing data
from a primary culture. Following this, parameter iden-
tification is carried out, direct and cross-validation are
performed, and the CV and sensitivity curves of each
parameter are thoroughly analyzed. Based on this analysis,
new experiments are proposed, new data is obtained, and
a new model structure is proposed, thereby repeating the
entire cycle procedure. This iterative process was repeated
several times, ultimately involving four experiments for
direct validation and one experiment for cross-validation.
The final model structure was presented along with the
estimated parameter values. The proposed model demon-
strates good prediction capability through both direct
and cross-validation results. Further research entails us-
ing hybrid modeling to detect possible metabolic changes
inducing parameter variations or monitoring the cultures
under a robust control framework that takes account of
possible parameter variations.
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