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Biotechnological production of recombinant molecules relies heavily on fed-batch processes. However, as the
cells’ growth, substrate uptake, and production kinetics are often unclear, the fed-batches are frequently operated
under sub-optimal conditions. Process design is based on simple feed profiles (e.g., constant or exponential),

Keywords:
Feﬁatch operator experience, and basic statistical tools (e.g., response surface methodology), which are unable to harvest
Bioproduction the full potential of production.

To address this challenge, we propose a general modeling framework, OptFed, which utilizes experimental data
from non-optimal fed-batch processes to predict an optimal one. In detail, we assume that cell-specific rates
depend on several state variables and their derivatives.

Using measurements of bioreactor volume, biomass, and product, we fit the kinetic constants of ordinary
differential equations. A regression model avoids overfitting by reducing the number of parameters. Thereafter,
OptFed predicts optimal process conditions by solving an optimal control problem using orthogonal collocation
and nonlinear programming.

In a case study, we apply OptFed to a recombinant protein L fed-batch production process. We determine optimal
controls for feed rate and reactor temperature to maximize the product-to-biomass yield and successfully validate
our predictions experimentally. Notably, our framework outperforms RSM in both simulation and experiments,
capturing an optimum previously missed. We improve the experimental product-to-biomass ratio by 19% and
showcase OptFed’s potential for enhancing process optimization in biotechnology.

Non-linear optimization
Process design

1. Introduction mization often involves a trial-and-error approach [2]. In this context,

theoretical and mathematical modeling offers a powerful and comple-

Biotechnological production processes are the backbone of numerous
industries, from pharmaceuticals to biofuels. Many of these processes
are operated as a fed-batch, adding substrate and nutrients continuously
when the initial batch medium is depleted [1]. This method allows for
control of key parameters, such as nutrient concentration, and is funda-
mental to achieving high yields and product quality. Consequently, the
optimization of such processes becomes a critical objective.

Optimizing fed-batch processes is challenging due to the complex-
ity of cellular mechanisms, which are difficult to measure directly and
can vary significantly based on factors such as product type, microor-
ganism, induction mechanism, and product location. As a result, opti-
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mentary alternative. By leveraging simulations and model-based design
of experiments [3,4], we can reduce our dependence on costly and
time-consuming trials, and enhance our ability to predict and optimize
process performance in a more controlled and efficient manner.

In general, there are two distinct paths for optimizing biotechnologi-
cal processes: statistical design of experiments, such as response surface
methodology (RSM) [5], and the model-based approach [3,4,6,7]. Sta-
tistical methods, including RSM, offer straightforward and accessible
means of optimization. However, they do not leverage biological knowl-
edge, which could enhance the optimization process [8], and are limited
to optimizing a predefined set of discrete variables [9]. In contrast, the
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model-based approach begins by understanding the underlying process,
representing it accurately without relying on mathematical assumptions
like the quadratic dependencies used in purely statistical methods [10].

For the model-based approach, empirical models are typically em-
ployed, often formulated as ordinary differential equations (ODEs). For
instance, Monod’s widely used model for population growth [11] is one
such example. Product creation in these models is often linked to growth
rate [4,12,13] or feed rate [14]. These models provide a simple yet
effective means of understanding and predicting bioprocess behavior,
particularly when dealing with the often limited and noisy data typi-
cally obtained from bioprocesses.

However, simplicity comes at a cost. The inherent simplifications
in these empirical models constrain their applicability, limiting their
ability to describe complex processes comprehensively. These straight-
forward models often fail to account for some phenomena observed
under constant process conditions on a cellular level. This includes pro-
duction deterioration over time due to metabolic adaptation, or product
inhibition [15]. Despite their limitations, these models are frequently
used because formulating more complex models is hindered by sparse
data, biological variation, and the difficulties in selecting the best avail-
able model equations [16]. Different metrics can be used for model
selection, e.g., AIC and AIC. [17], LASSO [18], and methods based on
cross-validation [19,20]. Regardless of the used metric, the number of
possible models can get very large (e.g., over 2!3 ~ 2.6 x 103 possible
models with 18 parameters) which requires defined search strategies
(e.g., HIPPO) [21,22].

Moreover, decisions in the modeling process can introduce biases
that influence the outcome [23,24], and using more complex models
with small datasets may lead to overfitting [25].

The modeling process does not exist in isolation,; its primary goal is to
improve the efficiency of the process (e.g., by maximizing titer/biomass
or minimizing operational costs). This objective often involves defin-
ing specific targets for each process, frequently utilizing the TRY metric
(titer, rate, yield) [26]. The choice of optimization algorithms varies de-
pending on the complexity of the model at hand, which is influenced by
the available data set and its quality. While straightforward maximiza-
tion algorithms suffice for discrete variables [27], optimizing contin-
uous solutions, such as feed and temperature functions, poses mathe-
matical challenges, notably due to the theoretically infinite number of
control variables [28]. To address these challenges, various mathemat-
ical methods have been developed. For simpler models, Euler-Lagrange
equation-based approaches can be employed [4]. In contrast, more in-
tricate models, as encountered in our work, require the application of
optimal control theory [29].

The realm of optimal control problems has been extensively ex-
plored, resulting in a multitude of solution methods [30]. Analytical
methods, such as those grounded in Pontryagin’s maximum principle
[29], are well-suited for relatively straightforward problems but may
not be practical for complex real-life scenarios. In most cases, numeri-
cal solvers become essential. The two primary categories of solvers are
direct methods and those based on dynamic programming. Direct meth-
ods tackle the optimization and differential equations simultaneously,
transforming the problem into a set of nonlinear differential equations
[31]. In contrast, dynamic programming [32,33] relies on the principle
of optimality within Hamilton-Jacobi-Bellman frameworks, iteratively
solving the problem. While dynamic programming holds the promise
of identifying global optima, it tends to be slower than direct methods
and is often infeasible for high-dimensional problems. As a result, direct
methods find more frequent applications, particularly in engineering
contexts, where a wealth of software packages is available for imple-
mentation [34-37].

In this study, we present OptFed, a comprehensive framework us-
ing an ODE model to describe bioprocesses. The framework is divided
into three stages: define, fit, and optimize. First, we define a general and
flexible form of the ODE model. Next, its kinetic parameters are fitted
to training data and the model size is reduced to avoid overfitting. To
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do this, we developed a heuristic algorithm that starts with the general
model and removes terms and parameters that do not significantly im-
prove the fit. In the third stage, based on the reduced model, we leverage
optimal control theory to identify optimal values for control variables.
In a case study, we apply OptFed to protein L production to maximize
the product-to-biomass yield. Optimal values for the temperature and
substrate feed control are predicted. A comparison to RSM highlights the
improvements of OptFed to typically used statistical methods. Moreover,
experimental validation results in a 19% improved product-to-biomass
yield.

2. Methods
2.1. Modeling framework
Our modeling framework comprises three key components:

(I) define,
(In) fit, and
(III) optimize.

In the first stage, we establish a general process model capable of rep-
resenting a wide range of biotechnological (fed-)batch production pro-
cesses. In the second stage, the general model is fitted to specific process
data, the kinetic parameters are estimated and insignificant terms are re-
moved. In the third stage, the fitted process model is used to optimize
control variables, ultimately maximizing a freely selectable objective
function. A graphical overview of the modeling framework is given in
Fig. 1.

A list of all parameters and their respective symbols and units is given
in Supplementary Table S1.

2.1.1. Stage I define

We consider the production of recombinant proteins by E. coli in a
fed-batch process, described by the following standard system of differ-
ential equations [1]:

X=uX - éx, X(0) = X, (1a)
P=zX - ép, P(0)=0, @ab)
G=—yX+ %(Gf -G), G(0)=0 (10
V=f, V(0)=V,, ad

where G, G, P, and X represent substrate concentrations in the re-
actor, substrate concentration in the feed, product, and total biomass,
respectively, and V' the current reactor volume. f, y, 4, and 7= denote
the feeding rate, substrate uptake rate per biomass, biomass growth rate,
and specific product formation rate, respectively.

As the product is part of the biomass, we additionally define the
metabolic active residual biomass (given as dry weight)

X,=X-P. (1le)
This defines the uptake per active residual biomass (y°) as
r°=yrX/X.. an

To connect the substrate uptake behavior with cellular growth and
production, we assume that the total uptake can be divided into three
additive components
r=rtErT ?)
where y#, y”, and y* denote the specific substrate uptake support-
ing growth, product formation, and cellular maintenance, respectively.
Here, maintenance summarizes all cellular processes not linked to
growth or production.
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Fig. 1. Flow chart for OptFed. In this study, we focus on the stages highlighted in blue. Initially, we set up a general model including different inhibition effects
(define). This model can describe different processes and uses many model parameters. In the second stage, the model is simplified to avoid overfitting and parameters
are estimated (fit). In the third stage, optimal process control variables are predicted (optimize).

Using biomass-to-substrate yield Yy, and product-to-substrate ¥p , we

G G
can connect glucose consumption to product formation and growth as
follows:

z=y"Y X, /X, and pu=x+y"Y X./X. 3)
G G

The factor X,/ X accounts for the fact that only the metabolically active
residual biomass X, contributes to additional product formation and
growth.

We assume that total substrate uptake as well as substrate uptake
for product formation follow a non-competitively inhibited Michaelis—
Menten process [14,38]

G 1

°=y° (T ., var;={G,n,P/X,X}, 43
4 ymax( )K;+Gielu_[m~ll+i/Kio 1 { / } ( )
yr = ria M= T — (4b)

max Kr’; + yo - ytl i€var 1+ [/KI”
while substrate demand for maintenance is given by [39]
r* =i [ a+i/kp. var,={(r°.G.n,P/X, X} (40)
i€vary

With these assumptions, y# follows according to (2) to
=yt =y =" (4d)

Here, K, , and K7 are Michaelis-Menten constants, while Ki° and K I” are
inhibition constants, and K,,‘" are activation constants, » is the number of
generations (n = log,[XV /(X VD). Finally, the minimum uptake rate
Ymine and the maximum uptake rates y; . and y; are assumed to be
temperature (7") dependent (excluding enzyme denaturation) [40]

)

i
cat

( AG
exp | ——&

; i kp RT i €{p,m o}
T)=E,— T
7/( ) 0 N \]  J€{max,min}, (4e)
1+ exp R Eiq - T
where E(') is a (hypothetical) enzyme concentration, AGé > the activa-

tion energy, Téq is the temperature where half of the enzymes are in
an active state (the other half is inactivated by the high temperature),
and AH é q determines how abruptly the reaction rate declines with ris-
ing temperatures. The superscripts o,a, and z differentiate variables
for substrate uptake, maintenance, and production rate, respectively,
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differentiating the constants for y°, y* and y”. Our model, defined in
equations (1) and (4), contains 29 free parameters. The substrate yields
Yx,, and Y can be derived from genome-scale metabolic models [41],

G G
while the remaining 27 parameters need to be fitted from training data.

Bioreactor volume estimation Generally, change in the bioreactor vol-
ume is affected by five factors, the substrate feed, the base feed (for
pH control), experimental sampling, the antifoam feed, and gaseous ex-
changes,

)

In OptFed, we explicitly model the first three of them. While the sub-
strate feed is kept variable (for optimization), the base feed is calculated
as

f= fsubstrate + fbase + fsampling + fantifoam + fgaseous‘

Srase =XV (ap +b) (6)

where the parameters a and b were fitted to the training data. Addition-
ally, we accounted for volume change through experimental sampling
in OptFed. For simplicity, and due to the fact that antifoam, feed, and
gaseous exchanges (i.e., evaporation, O, uptake, and CO, excretion) are
either minor or antagonistic contributors to volume change, we did not
consider them in OptFed. More details on volume calculation are given
in Supplementary Methods S1.1.

Substrate feed types Although OptFed is not restricted to a certain type
of substrate feed, it can make sense to enforce them either for compari-
son to the training data or for simplification of experimental implemen-
tation. Here we present two feed types that we refer to throughout the
manuscript.

An exponential feed is generally very popular as the cells’ internal
metabolic fluxes are (approximately) constant. It is calculated as

fsubstrate(t) = fO exp(”f 1) (7a)

where y, of the unit h~! is the defining parameter. f; is usually derived
from the properties of the process at hand.
Additionally, we also use a linear feed rate, calculated as

Ssubstrate(®) = @1 + ¢yt (7b)

where ¢, and ¢, may be varied.
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2.1.2. Stage II: fit
In this step, we use training data to select a model of suitable size
and fit its kinetic parameters.

Training data OptFed requires process data for different feed rates and
temperatures. Data from a central composite design [10] commonly
used for RSM proofed useful (Section 2.4).

Experimental data interpolation and rate calculation The differential
method [42,43] is used to estimate uptake, growth, and production
rates by fitting the concentration data and differentiating the fits. We fit
splines, which are continuous in both their values and first derivatives,
using SciPy’s UnivariateSpline function [44] onto the experimental
data points for control and state variables. By inserting these splines into
equations (1) and (2), we calculate the experimental values for }7:’, ﬁ,
77, and 77 (Supplementary Methods S1.1). The hat notation indicates
that these variables are derived from the experimental training data and
are used to estimate the unknown parameters in (4).

Model parameter estimation Model selection is based on a heuristic algo-
rithm. It is inspired by ANOVA [45] and uses cross-validation [19,20]
for hyperparameter selection. By approximating uptake, growth, and
production rates separately, we deal with three smaller models instead
of one large, simplifying the estimation. Parameter identification is
performed using differential evolution [46] with SciPy’s differen-
tial evolution function [44], utilizing the previously calculated
77", ;73, and ﬁ Each of the three rates is fitted separately.

We assume that the effects of each variable in (4) are independent,
meaning each effect is a separate term in the equation. Each model term,
containing one influencing variable and one or more parameters, can be
removed (if they are deemed insignificant) and the model remains valid.
In case there is no temperature effect, Eqn. (4e) simplifies to
y}(T):cy; i€{u,m,0}, j € {max,min}. (8)

Each model term of Eqn. (4) is tested. If it does not significantly im-
prove the model fit, it is removed according to the following algorithm:

. Initial Fit: Fit the model with all currently considered parameters
by minimizing the sum of quadratic errors over all processes and
measurement points. Calculate the error residuals and total variance
for the measurement points (Bounds used in the error minimization
are shown in Supplementary Table S2).

. Leave-One-Out Fit: Repeat the fitting process for models, each miss-
ing one parameter.

. F-Test: Use an F-test to determine if the reduction in variance is
significant (i.e., p < a) and calculate the difference in variance with
and without the parameter.

. Remove Insignificant Parameters: Remove the parameter with the
highest p-value in the F-test.

5. Iterate: Repeat 1 to 4 until only significant terms remain.

Steps 1-5 are performed separately for each fitted rate (y°,y%, and y”)

and for 13 levels of a. The significance level depends on the training

data (such as the number of processes and measurement points) and is

computed through cross-validation. The significance level that results in

the lowest error for the target variable () ) is selected (Supplemental
X

Methods S1.2).

As for each iteration of our algorithm (Step 5), a term is removed
from the model equation, the maximum amount of iterations is defined
by the maximum amount of removable terms per rate equation plus one
(i.e., seven).

To compare our heuristic approach to model selection with the cor-
rected Akaike information criterion (AIC:) [17], we fit all possible pa-
rameter combinations for y°,y%, and y”. Next, we calculate the AIC.
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[Eqn. (14)] for each of the resulting models and selected the one with
the lowest value.

2.1.3. Stage III: optimize
To optimize

P(tend)
max P = (9a)
FO.GeTMdena X X (enq)
s.t. Eqn. (1) (9b)
V <Vpax =2.5L (9¢c)
Tend < tmax = 12h (od)

we use ipopt 3.14.10 [47], which is a general nonlinear programming
solver. For discretization and numerical differentiation [Eqn. (1)], we
implemented an orthogonal collocation and optimization algorithm in
casadi 3.3.5 [34] using Python. All required code to reproduce our
analysis is available at https://github.com/gschloegel/OptFed.

To solve the differential equations in (1), we first scale the time co-
ordinate by setting ¢ = .47, using the process’ time 7,4 as a control
variable. We then apply orthogonal collocation on 100 finite elements
[48]. Specifically, we use Gauss-Legendre polynomials of degree one
with collocation points at 0.5. For the substrate, due to system stiffness,
we use Gauss—Radau collocation points at 1. Locally, we solve the dif-
ferential equation using the backward Euler method. The controls (feed
and temperature) are linear on each of the 100 intervals, allowing the
optimization method to find optima with temperature gradients and un-
conventional feeding strategies.

To avoid rapid variations in the control variables u = (f, G, T ,t¢,4),
specifically in the feed and temperature profile f(to,q7), and T (to,q7),
we add a regularization term to the objective function in (9a). This mod-
ified objective reads

lengzth(u) [

where ¢; is the penalty factor for each control variable u;, A is the length
of the finite elements, and S is the set of all sampling times.

In addition to the general optimization problem in (9), we defined a
simplified version where all substrate is immediately used and no sub-
strate accumulates, i.e., G =0=—y°X + %(Gf — G). This mirrors the
standard assumption in fed-batch processes and computationally avoids
issues posed by stiff differential equations.

— P(tend) _
X(Iend)

w () —uw GG+ D]
w,(j)+u;(G+1)

2

165

max P , (10
f®O.Ge.T(Ddeng X

2.2. Response surface methodology

To benchmark OptFed, we evaluate its performance against response
surface methodology (RSM) in process optimization. We calculated RSM
using the rsm package [49] for R [50].

RSM requires that the control variables remain constant throughout
the process and uses the process target metric (such as production con-
centration, yield, or productivity) to fit the model. Thus the RSM model
is represented as:

y;:c+cf/4f+cTT+ch/4fT+cfz/4§+cTzT2 an

where ¢, ¢ 1> €5 CrTs Cp2, and cp2 are fitted from the data minimizing
the sum of quadratic errors. y; is the growth rate of the exponential
feed (in f = fjexp(u,1)). The same model is calculated with the target
variables P and X.

2.3. Model comparison and validation
To evaluate model fit [Eqn. (1)], individual (state) variables (e.g. P,

P/X, X) or specific rates (e.g., y°, y%, and y”), we use the coefficient
of determination R? and its adjusted version Rﬁ 4 which are defined as:
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2 _ _ RSS/d fres
adj TSS/d fo

with the residual and total sum of squares (RSS and TSS)

RS= Y Y (x,(m—%,m)°.  T158= Y 3 (x,(m— (%)) .

pEP meS pEP meS

(12a)

(12b)

respectively. Here, x,(m) and 3c\],(m) represent the predicted and mea-
sured values respectively, <5c‘> represents the average of the observed
values, P is the set of all processes, and S is the set of all sampling
times. d f..s and d f,,, are the residual and total degrees of freedom,
given by df..s =#p —#v —1 and d f,,, = #p — 1, respectively, where
#p = |P| + | S| represents the number of points and #v represents the
number of variables.

Finally, we measure relative errors with respect to the mean of all
data points:
13

X,

=17 : IS]

Different models are compared using R?> and Rz 4 °n the state vari-

DI

_X-x
=2_Z
o) repmes

ables, focusing on P/X. In addition, we perform cross-validation using
the leave-one-out strategy (predicting one process using all other pro-
cesses) and compare R? for this as well. As an alternative metric for the
goodness of the model, we calculate the corrected Akaike information
criterion AIC; [17]
AIC¢ =#p<log(%) + 1) +2#v+ %
RSM only predicts end points of processes with constant exponential
feed rates (u f) and constant temperatures (7"). To ensure a fair compar-
ison, here, we restricted OptFed to the same constraints.
In addition, we validate the OptFed framework by applying it to a
case study and experimentally test the predicted optimal controls.

14)

2.4. Case study

We illustrate our modeling framework by optimizing protein L pro-
duction in a fed-batch fermentation of E. coli, and evaluate its effective-
ness in comparison to RSM [49] in central composite design [10]. Data
from twelve fermentations with varying specific substrate feed and tem-
perature [51] are used as training input for both methods to predict an
optimal bioprocess that maximizes the specific process yield Vr .

X

The dataset represents nine conditions (Fig. 2a):

+ one center point (four runs),

« four star points (single runs) where either feeding rate or tempera-
ture varied from the center point,

« four factorial points (single runs) where both variables deviated
from the center point.

Training data Process data (biomass concentration, protein L concen-
tration, and substrate concentration over time) from 12 fed-batch fer-
mentations of E. coli strain BL21 DE3, with varying specific substrate
feed and temperature [51], are used to fit the general process model.

In short, protein L accumulated intracellularly, and glycerol was the
sole carbon source. IPTG (isopropyl f-D-1-thiogalactopyranoside) was
used to induce the product promoter during the feed phase. The biomass
concentration at induction varied between 20 gL.~! to 45 gL~!. The con-
trol variables were the exponential feed rate coefficient (u f) and the
temperature (7). Each process had a production phase of 12 h. Biomass
and product concentrations were measured every 2 h, while tempera-
ture and feed rate were measured online. Due to the small reactor size,
each sampling reduced the reactor volume non-negligibly, which was
considered in the analysis. Details about the experimental setup and an-
alytical methods are described in Section 2.4.1.
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2.4.1. Experimental procedures

Experimental data for model fitting and validation in OptFed was
obtained from 15 bioreactor cultivations. The cultivations were carried
out in two bioreactor systems having a similar working volume. The
12 initial cultivations were executed in a DASGIP® Parallel Bioreactor
System (max. working volume 2 L; Eppendorf, Hamburg, Germany) as
described in [51]. In contrast to the original paper, where 11 out of
12 performed processes were used, according to the DoE, we use all 12
processes as training data. In addition, three validation runs were per-
formed in a Minifors 2 bioreactor system (max. working volume 2.5 L;
Infors HT, Bottmingen, Switzerland). For all cultivations a defined min-
imal medium according to DeLisa [52] was used, supplemented with an
initial concentration of 20 gL~! glycerol as the main carbon source and
0.02 gL~! kanamycin as a selection marker. The temperature was set to
37 °C during batch phase, 35 °C during fed-batch phase and controlled
at defined levels during induced fed-batch phase in accordance with the
experimental plan. The pH was monitored with an EasyFerm pH elec-
trode (Hamilton, Reno, NV, USA) and kept constant at 6.7 via addition
of 12.5% NH,OH. A probe for monitoring dissolved oxygen (dO,) was
installed (Visiferm DO425, Hamilton, Reno, NV, USA). The dissolved
oxygen in the cell broth was kept over 40% through continuous stir-
ring (1400 rpm) and aeration of 2 vvm. If needed, pure oxygen was
added to the air flow. Furthermore, the off-gas was analyzed with re-
spect to O, and CO, concentrations via a Bluevary sensor (BlueSens Gas
analytics, Herten, Germany) for real-time monitoring of the metabolic
activity of the cells. The process parameters were logged and controlled
using the bioprocess management system eve® (Infors HT, Bottmingen,
Switzerland). The expression of recombinant protein L was induced by
a one-point addition of sterile Isopropyl f-D-1-thiogalactopyranoside
(IPTG) to a final concentration of 0.5 mM. After addition of the inducer,
samples were taken every two hours for further process and product
analytics.

An E. coli BL21 (DE3) strain transformed with a pET-24a(+) plasmid
was used for the cultivations (GenBank accession no. AAA67503). The
plasmid carries the codon-optimized genes coding the 5B (binding) pro-
tein L with a C-terminal Hiss-tag. The recombinant protein L is expressed
intracellularly. The cells were harvested and subsequent analytics were
done. All subsequent analytical steps were realised with samples of 35
mL cell broth each. The cell broth was centrifuged (10 min, 21 000
rpm, 4 °C) and the supernatant was separated from the cell pellet and
aliquoted (1 mL) for anion exchange chromatography. Biomass concen-
tration was quantified by dry cell weight (DCW) in triplicates. Therefore,
the cell pellet was washed with saline (0.9 wt.% NaCl), centrifuged with
the same settings and dried at 105 °C for 48 h. In addition, the biomass
concentration was determined via optical density measurements at 600
nm wavelength (OD600) in triplicates. Residual glycerol and metabo-
lites in the cell-free supernatant were analyzed by a high performance
liquid chromatography (HPLC) system (UltiMate 3000; Thermo Fisher,
Waltham, MA) equipped with an Aminex HPX-87 H column (Bio-Rad
Laboratories, Hercules, CA, USA). HPLC standards with various concen-
trations of protein L (0.063-1.0 gL~!), glycerol (0.781-50 gL~!) and
acetate (1-10 gL™') were prepared separately. A sample volume of 10
mL cell broth was centrifuged (15 min, 14 000 rpm, 4 °C) and the sepa-
rated cell pellet was re-suspended in 40 mL lysis buffer (10 mM EDTA,
100 mM Tris, pH 7.4) and homogenized subsequently (7 passages, 1200
bar; PandaPLUS, Gea AG, Germany). After centrifugation of the crude
cell lysate (20 min, 14 000 rpm, 4 °C), the supernatant was analyzed us-
ing a reversed-phase HPLC method for protein L quantification based on
a PpL standard calibration curve. The UltiMate 3000 HPLC system was
equipped with a BioResolve reversed-phase Polyphenyl column (Waters
Corporation, MA, USA). Further information about the analytical pro-
cedures can be found in [51].
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(b)
Variable R2(fit) adjusted R%(fit) CV-R2(cross validation)
P/X 073 (056) 069 (0.19)  0.64 (-1.50)
P 0.82 (0.00) 079 (0.81)  0.75 (0.45)
X 0.83 (0.55) 081 (0.17)  0.66 (-1.14)

Fig. 2. Estimation of final product titer and model errors (a) predicted specific yield in OptFed (top) versus RSM (bottom). Both models are constructed using

data from twelve fermentations, including a center point (circle, four replicates), four factorial points (triangles), and four star points (stars; each single runs). The

predicted specific product yields )k at the end of the process are shown in shades of gray, with the black cross indicating the optima. Both optima are calculated
X

for exponential feed rates at constant temperature throughout the production phase. Model errors, indicating differences between predicted and measured )k, are

X
indicated by the color of the markers: red for overestimation, white for accurate prediction, and blue for underestimation. (b) Goodness of fit [ R*(fit), and adjusted
R(fit)] as well as goodness of fit for leave-one-out cross-validation (CV) [as measured by CV-R2(cross validation)]. Values in brackets refer to the RSM model, values

in standard print to OptFed.
3. Results

We illustrate our modeling framework by optimizing protein L pro-
duction in a fed-batch fermentation of E. coli, and evaluate its effective-
ness in comparison to RSM [49] in central composite design [10]. Data
from twelve fermentations with varying specific substrate feed and tem-
perature [51] are used as input for both methods to predict an optimal
bioprocess that maximizes the specific process yield Yr (product per

X

biomass ratio at the end of the process).
3.1. Response surface methodology predicts limited optimization potential

RSM utilizes a second-degree polynomial model to forecast the spe-
cific yield Yr as a function of the specific feeding rate and temperature

X
(Equation (11)). It predicts an optimal specific yield of 0.16 gg~! near
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the center point at u, =0.12 h™! and T = 31°C (Fig. 2a). However,
the predicted yield improvement is small (+1%) yet uncertain (adjusted
R? =0.19; Fig. 2b), and none of the model’s parameters are statistically
significant (at a 0.95 confidence level, Supplementary Table S3).

3.2. OptFed identifies significant optimization potential at high temperature

3.2.1. Model simplification and parameter estimation

Initially, we mitigate measurement errors of the state variables by
fitting them with cubic splines (Supplementary Figure S1). Based on
these splines, we parameterize our general model using the algorithm
described in the Methods Section 2.1.2. We found that only 12 out of 27
parameters of the general process model are statistically significant and
required (a = 0.2, Supplementary Figure S2), with only a minor drop
in the explained variance (see Tables 1 and 2). The difference of R?
and adjusted R? is higher for the full model as the degrees of freedom
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Table 1
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List of parameters remaining in the selected model and their fitted values. The increased RSS (residual
sum of squares) column next to a parameter shows the increase in fitting error (calculated with Equa-
tion (12)) if this parameter would be removed from the reduced model. K is not removed, as removal
leads to physically impossible negative substrate concentrations. A comprehensive list of all parameters
of the initially designed model is found in Supplementary Table S1).

Name Unit Value increased RSS

Parameters (fitted using training data)
Cpo maximal uptake rate gg 'h! 0.49

v maintenance requirement without growth gg'h! 24x107°
Ef hypothetical enzyme concentration 8.8x 107
Ky dependence on substrate concentration g 1.0x 1073
K growth dependent maintenance gg 'h! 1.0x 107 142%
K7 production dependence on available substrate gg 'h! 0.62 188%
K substrate inhibition gL™! 89 119%
K3 increase caused by product gL™! 0.11 37%
K7 inhibition for higher no. of generations 1.5 50%
AG?,  catalytic activation energy Jmol™! 52x10*
AHZ enthalpic (conversion of active to inactive enzyme)  Jmol™! 4.8x10° 38%
Tq temperature where half the enzyme is active K 310
E§ hypothetical enzyme concentration K 8.8x 1070
Constants (from literature)
Y biomass yield per substrate gg! 0.627
Y; product yield per substrate gg! 0.652
k('B Boltzmann constant JK! 1.38x 10723
R Gas constant Jmol'K~!  8.314
h Plank constant Jh 239 x 107

Table 2
Overview of the goodness of fit of the kinetic functions. The
values of the parameters of the reduced OptFed are given in Ta-

ble 1.
reduced OptFed full OptFed
r° re rr v’ re rr
R? 054 068 070 058 074 0.73
adjusted R? 052 067 068 024 071 0.70
# of parameters 3 3 6 9 9 9

are higher. The effect is especially pronounced for y° as only 3 out of
12 processes are used for estimation (for other processes the substrate
concentration is below the limit of quantification). Further reducing the
model would increase the fitting error by at least one-third (Supplemen-
tary Figure S3). Thus, with the parameter values listed in Table 1, the
reduced model reads:

. ¢ Kg

=C,o —mmm ——— 15a
P T %Ko+ G KG+G (152)
v =cu (1+7° KO) (1+P/X Kj) (15b)

ye—r* 1
¥ = Yax(D) - (15¢)
maxt CKr+ye—y* 1+nKF
Y=y =y =y (15d)
with
exp (-2
kgT T RT

y:n[mx(T) = Eg 2 (156)

AHZ, ’

1 +exp<Teq <Te’f1 ! —T—1)>
In the reduced OptFed process model (15), the substrate uptake rate
y° follows Michaelis-Menten kinetics with self-inhibition by the sub-
strate. The substrate-to-maintenance flux y* increases multilinearly with
the substrate uptake rate y°, and the product-to-biomass yield P/X.
While both fluxes are temperature-independent, the product formation
rate 7 is modeled as a temperature-dependent Michaelis-Menten-like
kinetic with non-competitive inhibition by the number of generations n
after induction. Supplementary Figure S3 illustrates the quality of our

model’s fit on rates. Despite some noise and occasional large errors in
individual data points, the overall trend is well-predicted.

We compare the measurement data for product and biomass with the
model predictions and validate these predictions using cross-validation.
The adjusted R? values remain above 0.52 for P, P /X, and X, both with
and without cross-validation (Fig. 2b and Supplementary Figures S4 and
S5). Thus, we conclude that the model is a reliable choice, especially
compared to RSM.

Additionally, we compare our heuristic model selection algorithm
(Section 2.1.2) with model selection based on the AIC.. The selected
kinetic parameters are almost identical for both methods, only AIC; in-
cludes terms for G in y* and y”*. With our heuristic algorithm, these
variables were removed in the last step of our elimination as they do not
improve the model fit significantly (p-values of 0.25 and 0.30). While
optimal feed rates are different (about +22%), temperature optimum is
similar (+0.03 °C). Using the model optimum for one model and testing
it with the other misses the optimal ) by less than 0.6%.

X

3.2.2. Process model optimization

Using the model develop above, we apply the optimization algorithm
described in Methods Section 2.1.3 to determine the optimal feeding
strategy and temperature settings. Additionally, we consider the follow-
ing constraints:

The initial biomass matches the mean value of the center point runs
of the experimental data, X, =30 gL~

The initial bioreactor volume is set at 1.3 L, with no maximum vol-
ume constraint.

The feed glycerol concentration is fixed at 390 gL~!.

Sampling of 35 mL reduces the current reactor volume at t =
2,4,6,8, and 10 h.

A linear regression model (Supplementary Figure S6) approximates
the base addition as

Frase =XV x 1077 x (139004 — 1.1 h™h),

Fig. 3 illustrates the predicted optimal fed-batch process for protein
L production. At 35.8 °C and after 12 h, we predict a biomass concen-
tration of 52 gL.~! and a product concentration of 9.6 gL~!, resulting in
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Fig. 3. Predicted optimal process with OptFed. The red dashed-dotted lines represent OptFed’s prediction for the reference process, while grey lines show the
predicted optimal behavior at T = 35.8C. Black dashed lines indicate the optimal process with approximated linear feed rate. The simplification of the feed profile
has a negligible impact on the process (grey full and black dashed lines). After 12 h, a 37.4% improvement in specific product yield is predicted. For reference,
measurements from the training data are shown (red circles, center point, same initial biomass).

an optimal product yield of 0.19 gg~!. This represents a 37.1% increase
compared to the reference process.

Increasing the temperature is key for optimized performance (Fig. 3).
According to the model, maximum production rate y; increases with
temperature up to the optimal temperature of 35.8°C and decreases
sharply for higher temperatures (Supplementary Figure S3). Optimiz-
ing the feed but keeping the temperature at 31 °C increases the specific
product yield by just 0.3%. Conversely, keeping the feed constant and
raising only the temperature boosts the maximally obtainable specific
product yield by 37.0%. A summary of optimization results can be found
in Supplementary Table S4.

Fig. 2a compares the predictions of RSM and OptFed. Under iden-
tical process constraints (constant exponential feed rate and constant
temperature), OptFed identifies an optimum at elevated temperatures
that RSM misses.

Unlike the training data’s fermentations, which used an exponential
feed, we find that an almost linearly increasing feed rate is best to max-
imize the product-to-biomass yield (Fig. 3D). Therefore, we decided to
approximate the predicted optimal feed function with a simple linear
equation (Supplementary Figure S6)

fopt =0.022 gh™' +0.0053 gh™* 1. (16)

This adjustment changes the final product and biomass concentrations
and the product-to-biomass yield Yr by less than 0.1%, but significantly

eases practical implementation (Fig 4). Generally, variations of the feed
function have little influence as long as the initial and final biomass
concentrations remain constant.

Our model’s predictions are validated by experimentally running the
optimal fermentation process with the simplified linear feed (Fig. 4).
Additionally, an intermediate process at 33.5°C (halfway between the
temperature of the center point and the optimum) is carried out.

For the first 6.5 h, the processes closely matched the predictions
(Fig. 4). The optimal process at 36 °C achieved a 19% increase in spe-
cific product yield (compared to the predicted 21%), while the process at
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33.5°C achieved a 5% increase (compared to the predicted 18%). Data
points beyond 6.5 h are affected by unstable temperatures and therefore
not considered.

4. Discussion

Recent years have seen a surge in research on biotechnological pro-
cess parameterization and optimization strategies [21,53-55]. However,
studies usually focus on one of the two aspects. Here, we developed a
comprehensive modeling framework, OptFed, to strategically combine
them.

OptFed employs a general phenomenological process model fitted
with experimental time series data from multiple fermentations. The al-
gorithm discards parameters with insufficient statistical power to mini-
mize overfitting, simplify the model, and increase the model’s reliability.
Using this parameterized model, we applied nonlinear optimization to
predict a fermentation profile for optimal specific protein L yield in E.
coli, resulting in a near-linear feed at an elevated temperature of 35.8 °C.
This approach predicted a 37% increase in specific product yield com-
pared to the training data, significantly outperforming the standard
RSM, which only predicted a 1% improvement. However, during the
experimental validation of the optimized process, we encountered is-
sues with temperature stability shortly after 6.5 h and decided not to
use data collected thereafter. This instability is due to an undersized
cooling capacity of the bioreactor.

Despite this, at 6.5 h the specific protein yield was up by 19%, close
to the predicted 21% at that time. The primary increase in specific prod-
uct yield is attributed to the elevated temperature, accounting for over
99% of the improvement. According to OptFed, product concentration
increases approximately linearly with temperature up to the optimum.
This dependence is completely missed by RSM, highlighting the advan-
tage of our approach.

Compared to RSM, our process equations constrain the possible so-
lution space to more realistic outcomes. In fact, combining mechanistic
modeling with purely statistical approaches has already previously been
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Fig. 4. Validation of the predicted optimal fermentation. Panels A to C compare experimental data (circles) with model predictions (lines). Corresponding feed
rates, substrate uptake rates, growth rates, and product formation rates are illustrated in Supplementary Figure S9. Panel D shows the temperature profile of the
fermentations. For ¢ > 6.5 h temperatures are unstable and the data is not considered. (opaque region in panels A to D). A comparison of optimal predicted and

experimentally achieved controls is given in Supplementary Figure S7.

shown to perform better than pure RSM [54]. For example, RSM may
predict negative values of the target metric (Fig. 2), an effect that cannot
be observed with OptFed. Moreover, our process equations implicitly
ensure mass balance due to the calculation of the substrate-to-growth
rate (y#) from the difference of substrate uptake and the other substrate
draining fluxes (Equation (2)).

Maintenance flux, as we use it throughout the manuscript, is de-
fined as a catchall-term for several metabolic effects. It comprises (1) the
(non-)growth associated maintenance [56], (2) all non-optimal growth
and production due to byproduct formation [57], and (3) any overflow
metabolism during high substrate uptake rates [58]. Consequently, our
yields are derived from a metabolomic model, excluding maintenance
requirements, which differs from experimental yields where mainte-
nance is included. Maintenance accounts for more than half of the up-
take at the end of production (Supplementary Figure S8), leading to
seemingly higher-than-usual yields (Yxr ,Yp ) in Table 1.

Furthermore, we estimate uptake rates during production based on
experimental data. As uptake can be significantly reduced during pro-
duction [59] this avoids possible overfeeding in the predicted optimum.
In the case study, we observe a reduced uptake rate, but uptake is not a
limiting factor for optimization.

The mathematical problems in our procedure, such as model identi-
fication and calibration, are difficult to solve because models often have
too many interrelated parameters and lack sufficient high-quality train-
ing data. This can cause optimization algorithms to be unstable and not
converge, presenting significant challenges [60]. Our model, for exam-
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ple, requires high-quality time course data. Random (relative) errors
for biomass and product concentrations should be in the range of 3%
and 15%, respectively, to reliably identify the correct optimum (Sup-
plementary Figure S10). However, these experimental uncertainties are
manageable with current process monitoring technology [61].

Compared to the center point of the training data, almost all of the
improvement in our case study originates from the increase in tempera-
ture. However, due to different product formation kinetics, this may be
different for other products. Therefore, we cannot derive a general rule
which feed profiles and temperatures are more advantageous in other
setups. For example, [62] find a high influence of the feeding strategy
on the production of inclusion bodies. This is most likely to a difference
in product and process setup.

In Section 2.1.3, we optimize for the product-to-biomass yield (),

X

a rather unconventional metric, compared to the titer, productivity, and
(product-to-substrate) yield commonly used [63]. However, in this case
study, the maximization of Yp is of critical importance for the ease of

X
downstream processing. This strategy bears the risk of converging to a
process that yields excellent Vr but very low amounts of product over-

X
all, which is also unfavorable. Here, we mitigated the risk by comparing
our optimal Y process to an optimal PV process (Supplementary Fig-

ure S11). Volu);ne can be easily scaled by scaling batch volume and feed
rate. The reachable biomass concentration depends on the reactor de-
sign (cooling capabilities, oxygen supply). A biomass limit of 60 gL~!
(reached in training processes) could increase the product by 16%.
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While our optimum is stable for changes in feeding strategy, we see
a sharp drop in productivity when the temperature is raised above the
optimum. This means, the optimal temperature is a good first guess, but
more data is required when we move from screening to the design of
the production setup. Based on the existing data, we applied a Monte
Carlo estimation [64-66] (Supplementary Figure S12). We observe that
we can guarantee (at a significance level of 0.05) a production rate
within 10% of the optimum by reducing the temperature from 35.8 °C
to 34.9°C.

OptFed focuses on the model selection. Based on this further im-
provements are possible. Sensitivity analyses [67] could help to make
the optimum more stable considering the uncertainties in parameter fit-
ting. We also limit ourselves by using existing data. Model-based design
of experiment [68] could provide better training data or can be used to
plan additional experiments to improve the model.

5. Conclusion

In this study, we presented OptFed, a phenomenological model-
based bioprocess optimization framework that (also) allows us to seam-
lessly integrate preexisting biological and process knowledge. Unlike
other tools, we emphasized the parameterization of process equations
using experimental bioprocess data. To prevent overfitting, OptFed em-
ploys a multi-step fitting strategy that retains only the terms that signif-
icantly reduce model error, discarding others.

This approach addresses key challenges in industrial process design
by eliminating the reliance on trial-and-error methods and standard,
predefined feeding strategies. We demonstrated that OptFed not only
accurately describes the training data but also predicts optimized pro-
cess controls. Experimental validation shows a 19% increase in specific
protein L yield compared to the control.

While effective, OptFed’s performance depends on the quality of the
training data. Future work will explore expanding the model to ad-
dress more complex biological phenomena, incorporate multi-objective
optimization, and validate its application across a broader range of bio-
processes and products.

We are confident that OptFed is a valuable tool for bioprocess opti-
mization and will benefit the industry in the future.
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