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ABSTRACT

Most industrial fermentations in food and drink use a single, high purity sugar as a substrate. These
pure substrates are more expensive and less sustainable than mixed substrates, that can be de-
rived from agricultural byproducts such as straw. However, use of mixed substrates in fermenta-
tion leads to challenging modelling and parameter estimation problems, particularly when much
academic research, intended to inform industrial applications, uses batch fermentations, while
large-scale fermentation is usually continuous, thanks to its cost and productivity advantages. Our
findings highlight key challenges in using batch-derived experimental data to inform models of the
continuous fermentation processes used at industrial scale. Extrapolating from data obtained in
batch to continuous fermentation is risky, as models with near-equivalent data-fit and predictions
in a batch context give very different predictions for continuous culture. For continuous fermen-
tations to switch to mixed substrates, we need to improve understanding of dual substrate growth
in continuous fermentation, to allow for optimised process design and operation.
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BACKGROUND

Single Cell Protein & Agricultural Residues

Currently, animal agriculture accounts for at least
16.5% of global greenhouse gas emissions [1]. Given Net
Zero targets, this highlights the need for sustainable al-
ternatives to livestock for dietary protein production. Sin-
gle cell protein (SCP) fermentation is one such alterna-
tive, offering an effective means of transforming carbo-
hydrate-rich substrates into high-protein foodstuffs, and
is significantly more sustainable than conventional ani-
mal-based protein production, with lower greenhouse
gas emissions, water use and land use [2-4]. Therefore,
there is a strong environmental interest in increasing con-
sumption and production of SCP to reduce dependence
on animal-derived proteins [5].

However, whereas cows and other ruminants can be
fed agricultural residues, such as corn stover, wheat and
rice straw, SCP fermentations generally depend on high-
purity single-substrate feedstocks [6], which are expen-
sive, and directly compete for food crops. This raises the
question of how to adapt SCP fermentations to more
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sustainable feedstocks derived from cheap residues of
agriculture and forestry.

Globally, 11100 megatons of these residues are pro-
duced annually [7], which if used as a feedstock for SCP
fermentation would be more than enough to provide for
all human dietary protein needs [7]. These residues are
mainly composed of lignocellulose, a mixture of fibrous
lignin and the carbohydrates cellulose and hemicellulose.
While hydrolysis can be used to break down this mixture
into simpler components, yielding 360g fermentable
sugar per kg lignocellulose [7], only about 60% of the re-
sulting fermentable sugar is glucose, the favoured 6-car-
bon sugar, with the other 40% coming from xylose, a 5-
carbon sugar, along with trace sugars such as mannose

[71.

Batch & Continuous Fermentation

Modelling biomass growth on such a mixture of glu-
cose and xylose is complicated and is one of the barriers
to widespread adoption of lignocellulosic feedstock in
SCP fermentation [8]. To design and operate a large-
scale SCP fermentation using a lignocellulosic feedstock,
accurate growth models that allow the growth behaviour
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on mixed substrates and the resulting yields to be under-
stood are needed. However, academic work to obtain
these models often uses batch fermentation experiments
[8,9]1, with all the nutrients available to the system added
at the start, while industrial scale SCP production is usu-
ally operated as a continuous process, with biomass con-
stantly harvested, and substrate added as it is con-
sumed, as this affords a much higher biomass productiv-
ity for a given reactor volume [10].

Structured & Unstructured Kinetic Models

In bioprocess kinetic modelling, a distinction is made
between structured and unstructured approaches. Struc-
tured approaches incorporate detailed information about
metabolic pathways, and so are useful for metabolic en-
gineering [11] but this complexity can lead to challenges
in parameter and state estimation, impeding practical ap-
plications [9]. Unstructured approaches, such as the
Monod model, use simpler mathematical formulations
based on empirical data [9]. The benefit of these models
is their greater ease of use, with many fewer state varia-
bles and parameters to estimate. As this work focuses on
bioprocesses modelling for process optimisation and
control, the unstructured approach is adopted.

RESEARCH OBJECTIVES

This work has two main aims. The first is to compare
different unstructured models for dual substrate growth,
using previously published batch fermentation data. The
second aim is to evaluate these models’ ability to predict
continuous fermentation dynamics using parameters es-
timated from batch fermentation data.

The study focuses on the filamentous fungi strain
Fusarium Venenatum A3/5, which is commercially signif-
icant as the most widely used SCP strain for food-grade
protein production [12]. Unlike previous research that of-
ten examines a single model in the batch context [8,9],
this study evaluates five different dual substrate growth
models and extends the analysis to continuous fermen-
tation systems. The findings are expected to enhance
modelling of lignocellulose-derived mixed substrate fer-
mentations, and illuminate the differences between
batch and continuous fermentation in this context.

METHODOLOGY

Experimental Data

The data used in this work is from Banks et al’s [8]
recent publication, in which a microplate reader and high-
performance liquid chromatography were combined to
measure biomass and (extracellular) glucose and xylose
concentrations at regular intervals over a 120-hour batch
fermentation on two glucose-xylose mixtures (15 gL’
glucose: 15 gL xylose and 20 gL' glucose:10 gL
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xylose). 3 biological replicates were used, resulting in 3
sets of measurements for each timepoint. 5 different ver-
sions of each dataset were generated using leave-one-
out validation, to give an indication of the uncertainty of
each model’s outputs.

Parameter Estimation

Optimal parameters for each model were found us-
ing SciPy’s differential evolution (DE) function for param-
eter optimisation in combination with ODEInt, a SciPy
wrapper for LSODA, for numerical integration of the dy-
namical batch fermentation models defined below for
each set of parameters [13, 14]. Stochastic methods such
as DE can better identify global minima in non-convex
problems such as parameter estimation than traditional
gradient methods [8]. 50 generations were used for the
DE, with initial populations generated using Latin hyper-
cube sampling. At the end of this process the best popu-
lation member was ‘polished’ using L-BFGS, a gradient
descent method [15]. Default values were used for all the
other algorithmic parameters. Mean absolute error (MAE)
was used as the cost function, as shown in Equation 1.0.
As in Banks et al. [8], the feedstock with equal concen-
trations of glucose and xylose was used as a calibration
dataset, while validation was conducted using the 20 gL-

T glucose:10 gL xylose data.
N-1 3

1
MAE = = Z lepred [k, 7]
k=0 r=1

— Xpeaslk, 7]l
+ |51,Pred [k, 7] = Simeaslk, 7’]|
+ |SZ,Pred [k, 7] = Sz measlk, 7’]|

In the validation dataset, unmeasurable initial states,
such as initial biomass, and where applicable, initial en-
zyme concentrations/intensities were back-calculated
from measured values, using the DE approach described
previously.

Each model, parameterised based on the calibration
dataset, was then used to predict steady-state continu-
ous fermentation behaviour, assuming a single, mixed
feed containing 15 gL glucose and 15 gL' xylose. Opti-
mal dilution rates, defined as the dilution rates leading to
the maximum steady-state biomass output rate, were
found using exhaustive search for each model, with
ODEInt used to numerically integrate the continuous fer-
mentation models. Substrate efficiencies were then cal-
culated based on this operating point.

Growth Models

Five growth models are compared. Their parameters
and states variables are detailed in Tables 1-3.

(1.0)

Single Substrate Growth Models

While there are many single substrate growth mod-
els, the Monod and Contois models are particularly
widely used. The Monod model (EQ 1.1) [16] assumes that
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the growth rate depends only on the substrate concen-
tration, approaching a maximum rate of y,., when the
substrate concentration is much higher than the fixed
threshold concentration given by K;. The Contois model
(EQ 1.2) [17] is similar to the Monod model but assumes
that the substrate threshold concentration increases lin-

early with the biomass concentration.
S

= — 11,12
#maxs + KS ’ ( ) )

I u

S
= #max5+KSXX
Multi-Substrate Growth Models
In the multi-substrate case, the specific biomass

growth rate (%) can be considered the sum of the growth
rates (y;) on each substrate, which may in general de-
pend on the substrate concentration itself (S;), as well as
the concentrations of other substrates (S;), and key en-
zymes required for the metabolism of the substrate itself
(Z;) and other substrates(Z;), with each growth rate’s up-
per limit given by a substrate-specific parameter (u,,;).

; = Z wi (S0.5), 24, 2;)

ie{1,.N},je{1,...N},j#i

(1.3)

Wi € [0, ]

As in [8,9], the consumption rate of each substrate

(S,) is assumed to be specified by:
O
S, = Y., X

(1.4)

Table 1: Parameters common to all growth models con-
sidered.

Sym- | Name Description Unit
bol
Ui Maximum Fixed parameter h
growth rate
on substate i
Yy Yield coeffi- Mass of biomass Jbiomass
cient per mass of sub- Osubstrate™"
strate i consumed
Wi Current Function depend- | h™
growth rate ing on substrate
of substratei | and enzyme con-
centrations.

In a continuous system with a dilution rate of D per
hour, we have, in the simpler case of two substrates:

X
= =D+ (u +u)

—= 1.5
. (15)
; —H1
Sl = Y. X+ D(Sinl - Sl) (16)
x1
; —H2
SZ = Y. X+ D(Sinz - Sz) (17)
x2
y =Dx*X (1.8)

In a batch system, D =0, resulting in a further
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simplified system. We consider five different possible
functions for y;. We assume this function can be splitinto
two parts: the first dealing with single substrate dynam-
ics, the second dealing with interaction between sub-
strates.

Table 2: State variables employed in the dual substrate
growth models

Symbol | Name Applicability | Unit

X Biomass Concentra- All models gL’
tion

S; Concentration of Sub- | All models gL’
strate i

y Cumulative Biomass Continuous | g
Output Models

VA Concentration of key Enzyme In- | gL’
enzyme required for hibition
growth on xylose Model

z; Relative intensity of Optimised %
key enzyme required Enzyme
for growth on sub- Production
strate i Model

Syst Control Trans 4:2405-2410 (2025)

Inhibition Models

When more than one substrate is present, there may
be an interaction between the substrates. Usually, the
growth rate on a mixture of substrates is less than or
equal to the maximum of the single substrate maximum
growth rates, because of substrate cross-inhibition [18].

Direct Inhibition Model

Vega-Ramon et al. [9] introduce a direct inhibition
model, with an inhibition term of the form:

’ 1 P . .
Uy =y * < for i,je {1,2},i#7], (2.1)

14

where y; is the growth rate on substrate i in the absence
of substrate j. Banks et al. [8] applied this model to the
fermentation of F. Venenatum A3/5 on a glucose-xylose
mixture, with Contois growth. Glucose growth was as-
sumed to be unaffected by xylose, giving the following
equations, with glucose as the preferred substrate (S,)
and xylose the less-favoured substrate (S,).

S1

= _— 2.2
1258 Hma Sl + KXlXJ ( )
S, 1
= —_— 2.3
Ha 'um252+KX2X1+ﬁ (2.3)
K,
Enzyme Inhibition Model
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Table 3: Model Specific Parameters

Sym- Name Description Model(s) Unit
bol
K Monod Half- Substrate Concentration at which growth rate is half | Monod gL-1
Saturation full single substrate rate.
Koy Contois Half- Ratio of substrate to biomass concentration giving a Contois Jsubstrate
Saturation growth rate that is half the full rate. Obiomass ™|
K; Inhibition Con- Value of S; at which growth rate on S, is halved rela- Direct Inhibition gL-1
stant tive to the growth rate on S, in the absence of ;.
Ky, Enzyme Half Enzyme concentration at which growth rate on S, is Enzyme Inhibition %
Saturation halved relative to case of excess enzyme.
Kz, Enzyme Degra- Enzyme Inhibition, Optimal | h-1
dation Rate Enzyme Production
Ky, Enzyme Crea- Enzyme Inhibition, Optimal | %
tion Rate Enzyme Production

Batch Data & Fitted Models
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Figure 1: Fitted models, and the batch fermentation data from [8] used to fit the models.

Considering potential mechanisms for substrate
cross-inhibition, instead of S; inhibiting S, growth di-
rectly, it can be modelled as reducing the production rate
of an enzyme Z that is key for S, growth and is assumed
to be rate limiting at low concentrations. The Monod-type
term with a constant K, reflects that at a sufficient value
of Z, itis no longer meaningfully rate limiting.

assuming as previously that glucose (S;) growth is unaf-
fected by xylose (S,) gives the following:
1= Hmi S+ Kgp'

S2

= Uy —2—— " (33,34
b = 2 K Z + Ky, ( )

u

Optimal Enzyme Production Model
A third option is to model the concentration of the

VA key enzymes for both S; and S, separately. This requires
b= W7 (1) some modelling of cellular decision-making. In Kompala
S oy . . . .
et al. [18], itis argued that cells optimise the allocation of
. : 1 . . K
7= —(K, +D)*Z + (K, *uxX* i 3.2 resources to maximise growth rate. This leads to:
(Zd ) (ch-l Si+KSi1+Si)( )
Kz, TP = Umi* 2 * S 4.1
. . . eps . 7 T
This model is a simplification of one proposed by v; l( ) u; Z-lr- (4.2,4.3)
Nakamura et al. [19]. Using the Monod model, and max{7; 1A
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Si
A

, 4.4,4.5
' Kg +5; ( )

Hi =T *V;

Zi=rzi*ui—sz*Zi—Z%*Zi (4.6)

J

Here, z; is a relative enzyme intensity, defined as the
enzyme mass per unit biomass, normalised by the maxi-
mum possible enzyme intensity.

RESULTS & DISCUSSION

Experimental Batch Data:
Mean Absolute Error (MAE)

Monod
Direct Inhibition

Contois
Direct Inhibition

Monod

Enzyme Inhibition
Contois

Enzyme Inhibition
Moned

Opt. Enzyme Model

T T
0.0 0.2 0.4 0.6
mmm Calibration mm Validation

Figure 2: MAE in model predictions for calibration and
validation batch data. Error bars show minimum and
maximum MAE from 5 variant datasets created using
leave-one-out method; the main bar shows the mean.

Predicted Substrate Conversion Efficiency
]

Monod
Direct Inhibition
Contois t
Direct Inhibition

Monod
Enzyme Inhibition

Contois
Enzyme Inhibition

Monod
Optimal
Enzyme Production

=
[e—
e —
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Efficiency (g biomass/g substrate)

I Glucose Efficiency
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Figure 3: Predicted substrate conversion efficiency in
continuous fermentation for glucose and xylose for each
of the 5 dual substrate models evaluated.

Figure 1 shows that all 5 models give highly sim-
ilar fits to the both the calibration and validation datasets
(for legibility, only a single fit for each model is shown).
This can also be seen from Figure 2, which shows the dif-
ferent models have similar errors. The similar values for
validation error between the models suggests that the
more complex models aren’t overfitting.

One interpretation of the results presented in

Vinestock et al. / LAPSE:2025.0538
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Figures 1-2 would be that the different models aren’t
meaningfully different. However, applying these models
to continuous fermentation challenges this. Looking at
Figures 3 and 4, the models make significantly different
predictions for substrate yields, biomass production
rates and optimal dilution rates in continuous fermenta-
tion.

Figure 3 shows the two Direct Inhibition Models
predict much lower substrate yields for xylose compared
to glucose, whereas the enzyme-based models predict
more similar yields for the two substrates. This corre-
sponds to the Direct Inhibition Models predicting that the
glucose preference results in xylose being washed
through the system in the continuous case, as glucose
concentrations don’t drop low enough to encourage the
switch to xylose when it is diluted at the rate that maxim-
ises biomass output. The difficulty in discerning whether
co-utilisation of glucose and xylose occurs in batch is the
cause of much of the uncertainty in xylose efficiency,
production rate and optimal dilution rate in Figures 3-4.

Predicted Performance in Continuous Mode

Dilution Rate (1/h)
0.00 0.02 0.04 0.06 0.08 0.10

Monod
Direct Inhibition

Contois
Direct Inhibition

Monod
Enzyme Inhibition

Contois
Enzyme Inhibition

Monod
Optimal
Enzyme Production

0.0 02 04 06 08
Production Rate (g/L/h}
Hl Optimal Dilution Rate

I Biomass Production Rate
Figure 4: Maximum biomass production rates and the
corresponding optimal dilution rates calculated for each
model, based on the batch data parameterisations.

Figure 4 shows that the different models also pre-
dict very different biomass production rates and optimal
dilution rates, although the biomass production rates and
the optimal dilution rate are closely related, suggesting
the steady-state biomass concentration is similar in all
cases. There is a factor of about two between the largest
predicted production rate, for Monod Enzyme Inhibition,
and the smallest, for Monod Optimal Enzyme Production,
which demonstrates the difficulty of extrapolating to
continuous culture from batch fermentation results.

Additionally, differences, or uncertainties, between
models exists alongside the parametric uncertainty
within a model. For biomass production rate, optimal di-
lution rate and xylose efficiency, the inter-model uncer-
tainty, characterised by the difference between model
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mean values, exceeded the intra-model uncertainty,
characterised by the range of values for one model, by
factors of 3.2, 5.6 and 2.4, respectively.

Limitations

While this work focuses on the uncertainty intro-
duced from extrapolating from batch fermentation data
to continuous fermentation performance, the change in
reactor volume, and the consequent effects on mixing
and gas-transfer, are another major source of uncertainty
in the transition from lab scale to industry scale [20]. Ad-
ditionally, the higher shear stresses from the more vigor-
ous mixing required in large reactor can reduce cell via-
bility and growth [21]. These effects are not addressed in
this work, and the uncertainties they introduce would be
in addition to the model uncertainty discussed here.

CONCLUSIONS & FUTURE WORK

This research demonstrates the significant uncer-
tainty generated by using batch fermentation data to as-
sess and parameterise models intended for application to
large-scale continuous fermentations. As a result, it sug-
gests a need for greater focus on continuous fermenta-
tion within academia, in order to support industrial adop-
tion of lignocellulosic feedstocks. It is relevant to aca-
demics and professionals working on design and optimi-
sation of continuous fermentation, as it shows the risks
of extrapolating from batch to continuous fermentation.
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