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ABSTRACT

Recombinant protein production in Escherichia coli is a widely used system in industry for bio-
pharmaceuticals, enzymes or other proteins. For protein expression, lactose poses as a more fa-
vorable and cost-effective induction agent over the common IPTG trigger. It imposes less stress
on the cells and is fully metabolizable by the strain used. Therefore, lactose serves as an additional
substrate source and adds a degree of freedom through tunable induction levels. To harness this
opportunity, a physiological bioprocess model was created, describing the growth and production
dynamics of this 2-feed system. Green fluorescent protein is expressed as a model protein in a
fed-batch process using glucose as the main substrate and lactose as the digestible inducer. A
suitable production kinetic is chosen by fitting a number of models to a collected dataset. The
resulting model is used to highlight opportunities for improved process design and control of a 2-
stage fed-batch process. It emphasizes the benefit of model-based methods to directly optimize

for productivity over traditional design of experiment approaches.
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INTRODUCTION

Escherichia coli (E. coli) is one of the most exten-
sively used host systems to produce recombinant pro-
teins. The product palette ranges from biopharmaceuti-
cals over industrial enzymes to functional proteins for
emerging food applications [1]. The organism offers a
manifold of advantages such as fast growth, cheap sub-
strate sources or broad availability of biotechnological
tools [2, 3].

The common procedure in triggering the production
of recombinant proteins utilizes the T7 promoter system.
Naturally, it is activated by the presence of lactose in the
media, while in industry the analogue chemical isopropyl
B-d-1-thiogalactopyranosid (IPTG) is used. It is non-di-
gestible by the cells and serves as a one-shot addition
that induces a strong transcription of the encoded pro-
tein [4]. This triggers high levels of productivity but also
elevated stress on the cells, giving rise to the formation
of misfolded protein aggregations called inclusion bodies
[5]. Using lactose as an digestible inducer allows for tun-
able induction, which provides an opportunity for im-
proved process design. Previous studies have shown the
https://doi.org/10.69997/sct.152708

positive impact of manipulating physiological parameters
such as the specific uptake rates of glucose and lactose
for improving productivity and inclusion body content [6].
Nevertheless, the used strains lacked the ability of me-
tabolizing galactose, the first metabolic product of di-
gesting lactose. This leads to metabolite accumulation,
blocking further digestion of the inducer and even re-in-
duction after the depletion of lactose, also called “Laza-
rus effect” [7]. To enable a fully controllable induction
process, this study employed a strain that retains the full
galactose metabolism.

Commonly, fed-batch processes are designed in
two phases. After an initial batch-phase, a fed-batch re-
gime is started with the aim to grow the biomass in the
reactor. Microbial cells act as a catalyst for the produc-
tion, therefore a higher concentration is favorable for in-
creased output. In the last phase, the induction agent is
added, and the cells are triggered to produce the en-
coded protein. The feeding rates and substrate levels in
the reactor need to be efficiently controlled, as a surplus
can lead to repression or byproduct accumulation [8].

The tunable induction system provides an oppor-
tunity to optimize the protein expression dynamically
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throughout the changing process conditions of a cultiva-
tion. Capturing the intrinsic connections in a model lays
the foundation for improved process design and ad-
vanced control strategies to ensure higher productivity
over extended periods or move towards continuous op-
eration [9].

For this purpose, the interaction of the two sub-
strates onto cell growth and product expression needs to
be studied. Previous works focused on describing the ef-
fects of two available sugars on the respective uptake
rates and their interaction through classical design of ex-
periment [6, 7]. This work expanded this approach to cre-
ate a novel model, which describes the productivity as a
function of the two independent substrate additions.
Several experiments were carried out to retrieve data for
the characterization and modelling of the presented
strain’s ability to produce green fluorescent protein (GFP)
when using separate glucose and lactose feeds. The pa-
rameterized model was then utilized to dynamically opti-
mize the two feed-rates for a 2-stage fed-batch process
to improve production processes for different design ob-
jectives.

MATERIAL & METHODS

This contribution suggests a physiological growth
and productivity model for a microbial process focusing
on the impact of separate glucose and lactose feeds. The
data was obtained through lab-scale cultivations in a
glass stirred-tank bioreactor system (Biostream Interna-
tional, The Netherlands) with a maximum working volume
of 2 L. In total 5 experiments were conducted and used
for parameter estimation and validation. The modelling
steps were implemented through custom Python scripts
and followed the iterative workflow for the setup of
mechanistic models by Daume et al. [10].

Cultivation conditions

The cultivation uses Delisa minimal media [11] con-
sisting of 13.3 g/L KH2PO4, 4 g/L (NH4)2HPO4, 1.7 g/L citric

Cultivation procedure

The cultivations were carried out in several steps.
First, a cryogenic vial containing the cells was transferred
from the cell bank to a shake flask containing 50 mL Lu-
ria-Bertain (LB) medium and incubated in a shaking cab-
inet (Infors HT Multitron, Switzerland) at 37 °C and 270
rom. After 5-8 h 1 mL of the grown culture was trans-
ferred to 100 mL of DeLisa minimal media in a 500 mL
shake flask and further incubated overnight.

On the next day the preculture media was trans-
ferred to the bioreactor system containing DelLisa media
to form a total of 1 L batch volume to start the main cul-
tivation. The bioreactor system used feedback control to
maintain the temperature at 37 °C and the pH at 6.75
through the addition of 12.5 w-% ammonia. The dissolved
oxygen level was kept above 30 % through a split-range
PID controller acting on the stirring speed and the
sparger airflow.

The reactor cultivations consisted of a batch phase,
lasting until the initial substrate was depleted. Afterwards
a fed-batch phase followed through the separate addi-
tion of a 300 g/L glucose feed and a 100 g/L lactose feed
with peristaltic pumps. The feed-rates were implemented
as feed-forward control to match certain specific uptake
rates q for each experiment, resulting in exponential
feeding. The added amounts of substrate were moni-
tored through balances, and the recorded signal was
used to correct the actual additions for the data analysis.

The rates investigated are listed in Tab. 1, where the
different setpoints were maintained for several hours be-
fore switching to the next ones. The selected setpoint
combinations resulted in 13 unique cultivation conditions.
9 conditions of 3 experiments were used to parameterize
the proposed model structures and 2 experiments using
4 different setpoint combinations for validation and
model selection.

Table 1: Specific uptake rate setpoints for parameteriza-
tion (P) and validation (V) cultivation experiments.

acid, 1.2 g/L MgS04-7H20, 0.1 g/L Fe(lll) citrate, 8.4 mg/L Experiment Type Setpointin g/g/h
EDTA, 1.3 mg/L Zn(CH3CO0O0)2:2H20, 4.5 mg/L thiamine 1 2 3
HCI, 50 mg/L kanamycin, and 5 mL/L of a trace element 1 qs,Gluc p 0.15
solution. The trace element solution contained 2.5 mg/L r.Lac 0 0.075 0.15
CoCl2:6H20, 15 mg/L MnCl2-4H20, 1.5 mg/L CuClz-4H,0, s, Gluc 0.325 0.125
3 mg/L HsBOB., and 2.5 mg/L Na:Mo04-2H20. 2 1 Lac P 0 0.0375 0.25
Strain 3 4s,Gluc P 0.325 0.375

The Escherichia coli strain HMS174 (DE3) was used qr.Lac 0 0.0375 0.25
with a pET28a(+) plasmid incorporated to produce His- 4 ds,Gluc Vv 0.375 0.15 0.075
tagged green fluorescent protein (GFP) after induction. qr.Lac 0.225
Production was triggered through the lac-operon by the 4s.Gluc 0.1125
presence of lactose. The cell line retained all enzymes of 5 1 Lac v 0.225
the Leloir pathway, enabling it to metabolize the inducer
as well as all its primary metabolites, such as galactose. Sample analysis
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An autosampler (Biolab A/S, Denmark) collected cul-
tivation samples automatically every 1-2 h, which were
immediately cooled to 4 °C and stored for analysis.

Biomass concentration was determined in dupli-
cates through dry cell weight (DCW) analysis. 1.8 mL of
sample were centrifuged for 5 min at 10, 000 rcf, de-
canted and subsequently washed with 1 mL of 0.9 %
(w/v) NaCl solution. The initial supernatant was frozen
and the cell pellet was dried at 105 °C for >72 h.

The supernatant sample was analyzed for its me-
tabolites content. The glucose concentration was ob-
tained through an enzymatic assay (Megazyme Interna-
tional Ireland Ltd., Ireland). The absorbance changes of a
standard curve and the diluted cultivation samples in trip-
licates were measured with a 96-well microplate reader
(Tecan, Switzerland). Lactose, galactose, acetate and
ethanol concentration were obtained through high-per-
formance liquid chromatography (HPLC) using the
Aminex HPX-87H column (Bio-Rad, USA).

GFP concentrations were obtained in triplicates
from diluted cultivation samples with a microplate reader
(Tecan, Switzerland), using black flat-bottom 96-well
plates. The samples were excited at 485+10 nm and the
emissions at 530+10 nm were measured. The resulting
fluorescence measurements were converted from RFU to
ng GFP/well using a standard curve prepared with the
GFP quantification kit (Abcam, Cambridge, UK).

Process model

The E. coli process was modeled as a state-space
model. The chosen state vector to describe the dynamics
was x = [V, cx,cs,cpcp]”, consisting of the reactor vol-
ume V4 in L, the concentrations for biomass cy, the main
substrate glucose cg, the inducing agent lactose ¢; in g/L,
as well as the product concentration cp in mg/L.

[ Fin,S + Fin,I - Fout ]
Fin,s+Fin1
Vr (/”‘ T &
Cx Fins Fins+Finr
d Coiy ® ns __ e Cy —Cqc ® _inS T inl
~les|= Sin ® 7, ~ s *Cx ~Cs Ve (1)
c F; F; F;
Cp ’ Vr Vr
Fins+F;
qP . CX _ CP . in,S in,I
Vr |

The state update vector dx/dt in eq. (1) contains the
mass balance of the system together with the biological
kinetics of microbial growth and product expression. The
glucose consumption g was modeled as a Monod kinetic
on the glucose concentration in eq. (2). The specific lac-
tose uptake rate q; was setup as a Monod kinetic on the
lactose concentration, but with an additional inhibition
term related to the specific glucose uptake rate, see eq.
(3). This followed the assumption that glucose is the
more bioavailable substrate source and the cells prefer it
over the disaccharide lactose, similar to Wurm et al. [12].
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The specific growth rate u was set up as a combi-
nation of the conversion rates of the two available sub-
strate sources minus the maintenance rate q,,. The col-
lective substrate conversion rate was then multiplied with
a lumped biomass yield in eq. (4).

u=0s+qr—qm)* Yxs (4)

The formulation of the specific product formation
rate gp was found by testing different common kinetic ex-
pressions for bioprocesses, listed in Tab. 2. The general
structure considered the influence of the two substrates,
glucose and lactose influencing a maximum productivity
qp max, TOllowing eq. (5).

dp = qp,max * f(cS or qS) ° f(cI or qI) (5)

Model identification and parameterization

The model was parameterized in two main steps.
First the growth model was fitted to the process data
without the product formation dynamics. The measured
values for DCW, glucose and lactose concentration were
used to minimize the normalized root mean squared error
(NRMSE) to the simulation values.

In a second step the tuned growth model was ex-
tended with different models for the specific product for-
mation gp, based on Schiigerl and Bellgardt et al. [13].
The model structures listed in Table 2 were tuned to fit
the offline GFP measurements and the resulting NRMSE
values for the product concentration were used to iden-
tify the best model formulation.

Process optimization

The final parameterized model was used to design
an optimized cultivation process. The cultivation layout
consisted of an initial batch followed by an exponential
fed-batch phase by adding glucose with the setpoint
dsgrow- 1he objective of this phase was to increase the
biomass content, therefore the setpoint was fixed with
the maximum substrate uptake rate. After a certain time
tinq the process focus was switched to production where
glucose and lactose were added with the new setpoints
of qs,ing aNd q; ;g respectively. These 3 parameters defin-
ing the induction phase were tuned to optimize the pro-
cess for 3 different objectives, by maximizing the perfor-
mance indicators listed in Tab. 3. The process was de-
signed to start with ¥4o=1L,cx,=01g/L and c5, =
8 g/L. The feeding was stopped after 100 g of combined
substrate was added and fully consumed. With the pa-
rameterized biomass/substrate yield Y x5 the expected
final biomass was ~31.5 g/L.
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Figure 1. Comparison of growth model fit with NRMSE values for each variable of the parameterization datasets.

Table 2: Potential productivity models

Model Equation
_ qr
P1 dp = qp,max * thKPI
1
P2 dp = qpmax * et Kpr
k
P3 dp = 4pmax * ﬁ
k
P4 dp = 9p,max * ﬁ
q K,
PS5 dpr = dp,max * qI+II<P1 ¢ QS+};<SPS
P6 qP = qP max ® -z * KPSkPN
g ar+Kpr  qs*PN+KpsPN
_ qr ds
P7 qdr = 4p,max * @ ° qs+Kps .
P8 qp = qpmax * (q1+II{p1 tas qS+Ii'PS
_ qr qs
P9 qp = Qpmax * o (14 —qs+Kps)
P10 o = Gppmar * —2+ (14 5+ —2) + Gppuse
q q
P11 qpr = qpmax * qI+II<PI ) qs+IS<PS * pbase
c K,
P12 ar = QP,max * cI+II<pI ' Cs+;is

Growth model parameterization

The described growth model was parameterized by
minimizing the NRMSE between model and offline sam-
ples for DCW, glucose and lactose concentration, using
all available datasets. The resulting parameter values are
listed in Tab. 4.

Table 4: Fitted growth model parameters.

Table 3: Investigated process objectives

Objective Symbol Equation
Total product P Cpend * V Rend
Product concentration cp Cpend
Space-time yield STY Cpend/tend

RESULTS & DISCUSSION

The model building process was separated into a
procedure for the growth dynamics on the two separate
substrate feeds and the selection of a fitting productivity
kinetic. The final model structure was then used for a pro-
cess optimization simulation study.
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Parameter Symbol Value Unit
Max specific glucose qs,max 2.350 a/a/h
uptake rate

Monod constant glu- Kg 0.014 g/L
cose

Max specific lactose Qlmax 0.456 a/L
uptake rate

Monod constant lac- K; 0.005 a/L
tose

Monod constant lac- Kig 0.270 a/L
tose-glucose inhibition

Specific maintenance Qm 0 a/g/h
coefficient

Biomass/substrate yield Y x/s 0.296 alg

The performance of the model is visualized in Fig. 1
through a simulated vs measured plot for the 3 variables.
The data showed a satisfying fit for all variables, where
the biomass was described the best with a remaining
NRMSE of 0.081. The glucose concentration showed a
similarly low level of 0.125, the deviations stemmed
mostly from a slower growth dynamic in the batch phase
of the measured data in Experiment 2. The lactose model
showed the highest remaining error of 0.219. Overall, the
model fit was deemed as satisfactory in face of the low
amount of experimental data.

Production model parameterization
The production model was obtained by testing
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different kinetic formulations, listed in Tab. 2. Their per-
formance to describe the productivity was evaluated
through the NRMSE and the conditional number, using
experiment 1-3 for parameterization and 4-5 as valida-
tion sets. Fig. 2 depicts the NRMSE values for the param-
eterization and validation datasets for each model formu-
lation.

I Parameterization
0.4 - Validation
0.3 1
L
uw
=
= 0.2 1
0.1 1
0.0 -

QDT D LD P PP
Figure 2. Productivity model NRMSE values for
parameterization and validation datsets.

The chosen productivity kinetic for the final model
was P11, with the parameter values given in Tab. 5. It
showed the overall lowest remaining error of the valida-
tion dataset compared to the other options with 0.111.
The selected model structure in eq. 6 consisted of a pos-
itive Monod type influence for both substrate uptake
rates gg and g;., with an additional constant base expres-
sion rate qp pase-

qr . qs
qr+Kpr  qs+Kps

dr = 4p,max *® + qp,base (6)

Table 5: Fitted growth model parameters.

Parameter Symbol Value Unit
Max specific GFP qp max 2017  mg/g/h
productivity

Monod constant glu- Kpg 0.361 g/g/h
cose-product

Monod constant lac- Kp; 0.147 g/g/h
tose-product

Base specific GFP qp pase 0.06 mg/g/h

productivity

The inclusion of a base product expression rate
hints at a certain leakiness of the expression system. This
means that the microbes showed GFP expression without
an induction trigger present. Further, the model fit con-
cluded that both substrate uptake rates have a positive
influence on productivity. Nevertheless, the growth
model included an inhibition term in the lactose uptake
related to high glucose uptakes, limiting the double
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enhancing effect of high substrate feed-rates. This influ-
ence of glucose and lactose uptake rates onto the mod-
eled specific product expression rate values are shown in
Fig. 3.

Max
0.4 ; . :" 0.62
® Maxc 0.54
@® MaxsSTY
0.3 = g1, max(q5s) 0.46

0.2 Region of lactose accumulation

q (g/g/h)
(=]
gr (g/g/h)

o
w
=]

0.22
0.1
0.14
0.0 0.06
0.0 0.5 1.0 15 2.0

gs (g9/g/h)
Figure 3. Contour plot of the parameterized productivity
qp as a function of the substrate uptake rates gy and q,
including the optimal setpoints for different objectives.

Process optimization — Simulation study

The model structure suggested that the combina-
tion of moderate glucose and lactose uptake rates results
in the highest specific productivity. Nevertheless, the bi-
omass concentration is the catalyst in translating the
specific rates to absolute product amounts in the reactor.
Since high substrate feed-rates favor biomass formation,
a non-trivial optimization problem is presented.

A global optimization algorithm was applied to opti-
mize the induction phase and different optimal feeding
strategies for each of the 3 objectives listed in Tab. 3
were found. All simulations were limited to add a maxi-
mum of 100 g of combined substrate to the process. The
optimal specific substrate uptake rates are marked in the
contour plot in Fig. 3 and the resulting objective values
for each process are compared in Tab. 6.

Table 6: Performance values of optimized processes.

Objective Pend CP, end STY
function [mg] [mg/L] [mg/L/h]
max(Pend) 121.18 74.41 2.17
max(cp, end) 119.43 75.77 2.49
max(STY) 82.51 57.30 3.70

The resulting profiles in Fig. 4 show that the optimal
feeding strategies are dependent on the objective. The
highest absolute product content was achieved with
lower setpoints for the two specific substrate uptake
rates. With a focus on higher space-time-yield a faster
feeding regime was proposed. All the processes included

Syst Control Trans 5:714-720 (2026) 718



only a short initial growth phase, where solely the glucose
feeding was active at the maximum substrate uptake rate
to build more initial biomass. Therefore, higher objective
values in all categories were achieved when both feeds
were active simultaneously for the fed-batch phase.

= 0.075 H
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0.025 +

Feed glucose [L/h

0.000 +

0.04

0.02 4

Feed lactose [L/h]
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25 A
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Figure 4. Optimized feeding strategies and product

concentration for three different process objectives for

the 2-feed process.

Procduct conc. [mg/L]

CONCLUSION

A novel physiological model is presented for growth
and productivity of an E. coli process which uses two in-
dependent feed sources, glucose as main substrate and
lactose as digestible inducer and opens the possibility of
tunable induction. The experimental data of 5 lab-scale
processes was used to identify and parameterize a suit-
able model structure. The results showed that both sub-
strate uptake rates were enhancing the product for-
mation, which is in line with the observations of Wurm et
al. [6, 12] where low glucose uptake resulted in lower
productivity. The lactose uptake on the other hand was
repressed by increased glucose uptake rates, which cre-
ated a non-trivial optimization problem.

By optimizing the individual feed-rates for a simu-
lated 2-stage fed-batch process, the dynamic model
suggested moderate substrate and inducer uptake rates
result in the highest productivity. Different objective
functions were investigated and showed that for a high
space-time yield setpoints close to the maximum specific

Pably et al. /| LAPSE:2026.0290

product formation rate were favorable, while for high ti-
ters a slower feeding regime is preferred.

This contribution established a physiological biopro-
cess model for recombinant protein production in E. coli
with tunable induction through separate glucose and lac-
tose feeds. The resulting model presents an opportunity
for improved process design and advanced process con-
trol such as described in Ulonska et al. [9] and shows po-
tential for enabling continuous operation modes.
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