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Abstract

A simple Interaction by Exchange with the Mean (IEM) mixing model is implemented to
describe the glucose concentration segregations in industrial and laboratory scale bioreactors.
This approach is coupled with a Population Balance Model (PBM) for the growth rate adap-
tation and a metabolic model dependent on the individuals state, both from the literature [1].
The model formulation is validated against different published experiments and it is shown that
the IEM model reduces the computational costs when just the segregation of few species is of
interest. A model for the maintenance costs of Escherichia coli subject to glucose concentra-
tion fluctuation is also presented and implemented in the context of the IEM mixing model. An
Eulerian formulation of the effects of the substrate fluctuations on the maintenance rate is pro-
posed and tied to a more intuitive Lagrangian vision. The study of these metabolic changes due
to substrate heterogeneities helps the understanding of the relationships between hydrodynam-
ics and cells metabolism and it improves the agreement between numerical and experimental

data.
Keywords:

IEM, Mixing model, Substrate fluctuations, Maintenance rate, Bioreactors simulations,

Metabolism

1. Introduction

The effect of mixing on bioreactions has been identified many years ago by Hansford and
Humphrey [2]. Cultivating yeast in a continuous fermenter, these pioneers observed that the

number and location of the injection points influence the glucose into biomass conversion yield.
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The highest yields were observed when multiple injection points located in the vicinity of the
impeller were used. Dunlop and Ye [3] observed that the biomass dry weight in a continu-
ous fermenter increases when glucose is fed through an inlet port characterized by a smaller
Kolmogorov length scale. In other words, well-micromixed bioreactors allow higher yields
whereas poorly micromixed devices lead to lower yields and favour by-product formation. It is
remarkable that these conclusions perfectly match the modern vision of the interaction between
reaction and mixing developed by Bourne, Baldyga and Villermaux, among others, in the 80’s
[4, 5, 6]. The basic explanation is that mixing precedes the reaction. Since these two processes
occur in series, the apparent rate of a chemical reaction as well as the formation of by-products
are controlled by the rate of (turbulent) mixing. Following the microbiological explanation
proposed by Hansford and Humphrey [2], Ye and Dunlop explained that cells which encoun-
tered region of high sugar concentration diverted [..] a greater proportion of substrate carbon
into extracellular product via endogenous metabolism [7]. Thus, it appears that the substrate
concentration distribution in a bioreactor impacts the yields as well as the rates of biochemical
reactions. On the other hand, the interaction between mixing and bioreactions is more complex
than in chemical reactors due to additional metabolic pathways triggered by repeated exposure
to high and low concentrations (e.g. overflow metabolism for Escherichia coli or short-term
Crabtree effect for yeasts). Nowadays, the commonly accepted idea regarding the effect of
concentration heterogeneities is that they induce the activation of a large number of genes
which causes an increase in the energy demand for maintenance as well as various metabolic
responses, one of them being the formation of undesired by-products [8, 9, 10, 11]. In order
to investigate these effects, several lab scale experimental devices, reviewed by Neubauer and
Junne [12], were used to mimic the fluctuating environment encountered by the cells along
their trajectory in an imperfectly mixed bioreactor [13, 14, 15, 16, 17]. Among these, the most
popular device is a two-stage bioreactor, generally a Continuous Stirred Tank Reactor (STR)
connected to a Plug Flow Reactor (PFR). Displacing the feed point in one or the other reactor
allows creating a variety of configurations leading to distinct biological responses.

The interaction between mixing and bioreactions was also investigated by modelling meth-
ods. In the early 70’s, a series of work from Tsai and co-workers investigated this question
using the concepts of complete segregation and maximum mixedness [18, 19, 20]. In the work

of Bajpai and Reuss, some refinements were introduced to account for the circulation time dis-
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tribution [21]. However, these authors considered an unstructured kinetic model for bioreaction
that basically assumes that bioreaction rates are determined from local concentrations using
constant biological parameters. Clearly, kinetic or metabolic structured models are mandatory
for they introduce internal variables, linked to the biotic phase, which dynamically adapt to the
external environment. Thus, bioreactions rate may now depend on the cell state also. Quite
naturally, it appears necessary to consider some diversity among a population of living cells.
This can be achieved using either probability density functions, PDF, (leading to continuous
Population Balance Equations, PBE) [22, 23, 24] or discrete formulations (cell based models
along with Monte Carlo techniques to deal with large cell ensembles ) [25, 26, 27].

Beside the description of the biological phase, one has to consider the heterogeneity of the
concentration field. The trend, in the last decades was to rely upon Computational Fluid Dy-
namics [28, 29, 30] or Compartment Model Approach to do so [31, 1, 32, 33, 34, 35]. In both
cases, the spatial distribution of concentration is assessed. This knowledge, complemented
with a Lagrangian particle tracking, can produce a temporal signal that is used as the boundary
condition for a biological model (generally a set of ordinary differential equations) [36, 37, 38].
Thus, the effect of concentration fluctuations on the rate of biological reactions is obtained but
the reverse coupling (modification of the concentration field due to bioreactions) is computa-
tionally very demanding and results are sensitive to the interaction of numerical parameters
which makes such simulations unstable in their predictions. However, in order to address the
subject of interest here, i.e. the interaction between mixing and bioreaction, a full two-way cou-
pling is necessary. This requires the transport of the biological phase in the three-dimensional
space of the bioreactor. This is possible using a Eulerian description for the biological phase
(transport of PDF) but the number of biological variables in the model is then limited [1, 35].
So, the general trend is an ever-growing complexity, associated to a high level of expertise and
prohibitively large numerical costs, which make these modelling tools inaccessible for indus-
trial applications since the effort is not producing significant added value.

In this work, we investigate the possibility to rely upon the statistical description of the con-
centration distribution only, disregarding the spatial dimensions. A popular model of this type
is the Interaction by Exchange with the Mean model (IEM) originally introduced by Villermaux
to address micromixing issues [39]. In such models, the reacting volume is divided into two

or more environments (or zones) and a characteristic time relative to mass exchange between
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the zones is introduced. Considering only two environments suggests that the concentration
distribution will be approximated by two Delta functions. It was shown that this can constitute
a fair approximation of the actual concentration PDF in the limit of fast reactions. In fed-batch
bioreactors, the characteristic time of substrate uptake generally decreases with time and be-
comes much smaller than the macromixing time [1, 40]. Hence, a fed-batch fermenter subject
to mixing issue is usually strongly segregated and exhibits a highly concentrated zone near the
feed point and a very low concentration zone elsewhere.

Considering the various time scales of the biological response to concentration fluctuations,
we developed and validated the idea that the disequilibrium between the uptake and utilization
rates provides a good estimate of the flux of substrate that must be diverted into by-products
[30, 1]. However, up to now, the metabolic rate calculations assumed a growth rate dependent
yield (namely a Pirt’s law [41]) along with a constant maintenance rate. The idea of tying
the maintenance rate to the process variables was already suggested by Holms [42] and by
Meadows et al. [43], although they linked the maintenance rate to the growth rate. Since
substrate fluctuations are known to produce a metabolic stress on bacteria and thus contribute
to increasing the cells energy demand, it is proposed to relate the maintenance rate to the
variance of the glucose concentration distribution. This rate dynamically updates the substrate
into biomass yield, introducing in the model a coupling between the degree of mixing in the
bioreactor and the glucose conversion efficiency.

This article presents the formulation of a segregation dependent maintenance rate. The
Interaction by Exchange with the Mean (IEM) model is implemented in ADENON, an in-house
developed bioreactor simulation software combining CMA, kinetic or mode based metabolic
model and PBE approaches. Simulations results using the IEM model will be compared to the
experimental observations published by Xu et al. [44] in a 20 m? reactor and by Neubauer et
al. [16] in a STR+PFR scale-down reactor. Spatially refined simulation using CMA [1] (for the
Xu experiment) and a two-stage STR+PFR (for the Neubauer experiment) are also performed
to serve as references. The challenges posed by the two sets of experiments considered in
this work are related to the presence of spatial inhomogeneities or segregation that trigger
a suboptimal operation of the fermentation process. In the Xu et al. [44] experiment, the
segregation is entirely due to the large scale of the reactor and the injection conditions that

result in a poorly meso-mixed process. On the contrary, in the Neubauer et al. [16] experiment,
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a segregated environment was intentionally designed by means of a multi-stage reactor, with
localized injections.

In the final part of this work, some details are given regarding the formulation of an Eulerian
expression of the maintenance rate starting from a Lagrangian perspective. It is shown that
one can reconcile the Lagrangian and Eulerian visions of the biological response to external

fluctuations.

2. The experiments

In this work two different sets of experiments found in the literature were simulated, one
studying a fed-batch culture in an industrial scale bioreactor, described by Xu et al. [44] and
lately simulated by Vrabel et al. [31] and Pigou and Morchain [1], and one by Neubauer et al.
[16] dealing with a fed-batch culture in a pilot scale bioreactor.

Xu et al. [44] investigated the acetate production in an industrial scale fed-batch bioreactor
with E. coli. The fermentation was performed in a 20m> stirred tank reactor equipped with
Rushton impellers. The initial concentration of glucose was equal to 0.29g¢/L, the initial
concentration of acetate was equal to zero and the initial biomass concentration was X (t =
0) = 0.1gx /L. After an initial batch phase of 0.92%, a feed solution of glucose (454g5/L) was
injected well above the upper impeller at variable flow rate with an exponential curve for 8.5,
changed to a constant value of 180L/h for 2.5k and then to 170L/h for 28.02h. The sampling
of glucose, acetate and biomass concentration was performed at three different sampling points
located at the top, in the middle and at the bottom of the reactor. Glucose gradients were
identified as the result of insufficient mixing. Acetate was produced in the upper part of the
reactor and a reduction of the glucose to biomass yield of 25 % was observed with respect to
the homogeneous 20L fermenter. This experimental observation could not be reproduced by
Vrabel et al. but was correctly predicted by Pigou and Morchain owing to the use of a Pirt’s
law with a maintenance rate equal to O.250mmolg.g§1 a1 (45mg(;.g§1 A,

Neubauer et al. [16] investigated the E. coli responses to substrate fluctuations in a two-
stages bioreactor of 10L consisting in a closed loop of a STR connected to a PFR of 0.695L,
Fig.1. The initial glucose concentration was 10gg/L and the system was operated in batch
to the complete depletion of glucose (~ 8h). Once completed the batch phase, the system

was operated in fed-batch for 84, with the injection of glucose-rich solution (600g¢/L) at a
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Figure 1: Schemes of the reactor configurations used in the Neubauer et al. [16] experiment: (a) injection of
substrate (red arrow) in the STR operated without the PFR loop, Case A, (b) STR+PFR with injection in the PFR,
Case Bl, (c) STR+PFR with substrate injection in the PFR and aeration with oxygen enriched air (blue arrow),

Case B2.

constant flow rate of 50ml/h either in the STR or just before the PFR. The fed-batch results
were collected for three different configurations: without the external PFR loop and injection
in the STR (referred to as Case A or Control, in the publication, Fig.1a) and with the external
loop and injection in the PFR (referred to as Case B in the publication, Fig.1b). The authors
also investigated the use of oxygen enriched air as aeration gas in the PFR ( Fig.1c) to test the
hypothesis that microaerobiosis would develop due to high susbtrate uptake. In the following
we will refer to Case B configuration aerated with air as Case BI, Fig.1b, and to the same
configuration aerated with oxygen enriched air as Case B2, Fig.1c. In each Case, the medium
volume was kept constant to 10L. The biomass concentration and growth rate as well as the
glucose and acetate profiles in the PFR, were monitored in the Neubauer et al. [16] experiment.
The residence time was 113s for the PFR, Tprg, and 27min for the STR, tg7g. It was observed
that the repeated exposure to high glucose concentration in the PFR, interrupted by prolonged
periods of glucose limitation in the STR, led to an over-assimilation of glucose at the PFR
inlet coupled with acetate production due to overflow metabolism and a reduced glucose to
biomass yield in comparison to the homogeneous Case A. Some acetate was also produced in
the upper part of the PFR because of oxygen limitation (fermentative catabolism). The addition
of enriched air, Case B2, did not change the initial response at the PFR inlet but led to a lower

formation of acetate in the upper part and a yield similar to that observed in case Case A. As
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far as the authors know, these experimental results have not been simulated to date.

3. Mathematical model

3.1. General aspects

A detailed explanation of the population balance model and the metabolic model formula-
tions, the solution strategies and their implementation in ADENON were already published in
previous works [1, 30, 45, 40]. However they are briefly outlined here to allow a clear iden-
tification of the novelties provided in this work. The mass balance equation for a generic k

component in a generic homogeneous control volume, V, reads:

de 1 in in / out
DA — . _ . R 1
” V(/QCk|v| do QCk|v| do | + Ry (1)

where Cy is the concentration, Q is the surface enveloping the control volume, | v |i” and

|V |out

are the norms of the velocity vector entering and exiting the control volume, respectively,
and Ry is the volumetric reaction rate. Velocities in Eq.1 come out from the solution of a
hydrodynamic model. The Compartment Model Approach (CMA) falls into this category and
the fluxes are calculated either from general considerations on the fluid dynamics of the system
([31, 1)) or retrieved from the CFD simulations ([32, 33, 34, 35]).

The microbial population is considered as segregated with respect to the specific growth

rate i. Hence, the volumetric reaction rate in Eq.1 is expressed as an integral over the u space:
Re= [ . ©)X(u)d )

Where X ()du is the mass of cells able to grow at i per unit volume, r; represents the net
specific reaction rate and C is the concentration vector of the species, considered as constant
inside the generic homogeneous control volume V, as already assumed in the derivation of
Eq. 1. The equation for the cell density function X (i) is obtained under the assumptions that
daughter cells inherit the growth rate of their mother [46].

P — (X €0 ) X () 3)

7
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where the rate of change of X in the p-space, § (i), in its general form is:

& (1) e ﬁ (W =4 “)

with 7%/4 being a time constant which value depends on the direction of the rate of change
of the specific growth rate and p* being the growth rate at equilibrium that generally takes
the form of a Monod equation. The adoption of a segregated model with the growth rate
capability as the internal coordinate, Eq.3, was introduced to decouple the actual growth rate
of the population from the local reactant concentrations, Eq.4. This decoupling introduces an
out-of-equilibrium metabolic behaviour resulting in the production/depletion of by-products.

The net reaction rate r; results from a call to a metabolic model that can be regarded as a

function f.
(rknua> = f (.u7C7 Yk,l#k) (5)

The metabolic model adopted in this work corresponds to that already presented in[1] and
combines mass and energy balances. It considers four categories of biological reactions namely
the production of biomass through substrate and energy consumption (Anabolism), energy pro-
duction either by means of an oxidative pathway (Oxidative catabolism) or by fermentation
(Fermentative catabolism) and the production of acetate due to the overconsumption of glu-
cose (Overflow metabolism) or fermentative metabolism. It is worth recalling here that acetate
production takes place either if the energetic need for growth is not fulfilled through the oxida-
tive pathway (acetate production through fermentation) or if a cell uptakes more glucose than
the amount used in the anabolic reactions (acetate production though overflow metabolism).
The essential feature of our metabolic approach is that the maximum value for the anabolic
reaction rate is the cell property p. In a given environment some cells may be limited and
some others not. Indeed, any limitation is actually relative to the cell state rather than defined
in an absolute manner through concentration thresholds. In case of insufficient resources, the
actual growth rate of some cells may be limited to u“ < p. The term r; consists of a summa-
tion of the specific reaction rates for each of the aforementioned biological reaction, weighted
by the corresponding stoichiometric coefficients. Among these coefficients, the substrate to
biomass yield was up to now determined using the well known Pirt’s law [41], Eq.6, leading to
a growth-dependent glucose to biomass yield, Yxg(u{,m).

8
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In Eq.6, Yy5" is the maximum conversion yield of glucose into biomass, m is the mainte-

nance rate (treated as a constant) and ¢ is the actual growth rate of the cell.

3.2. New considerations
3.2.1. Effect of substrate fluctuation on the maintenance rate

Having in mind the effects of imperfect mixing on cell physiology mentioned in the intro-
duction, it is proposed to introduce a variable maintenance rate and express it as a function of

the variance of the substrate concentration distribution in the system.

in=mo+ [ p(Co)(Co— (Co))?dCo )

where myg is the minimum maintenance rate of the cells, & is the model parameter, Cg

is the substrate concentration, (Cg) is the volume average of the substrate concentration in

the fermenter and p(Cg)dCg is the volume fraction of the reactor with a concentration Cg.

Hypothesizing that the cells are uniformly distributed inside the reactor volume and dividing
the reactor into N¢ sub-volumes of equal size a discrete expression can be formulated :

1 N 2

m=mgy—+ OCN—C lzzi (CGJ' — <C(;>) (8)

Eq.8 provides an Eulerian integral correlation between the sub-volumes concentration devi-

ation from the volumetric average in the whole reactor and the average maintenance rate of any

cell travelling in an heterogeneous concentration field. The derivation of Eq.8 from the effects

of substrate fluctuations on a single cell and on a swarm of Lagrangian cells is described in

Section 6.2.

3.2.2. The Interaction by Exchange with the Mean Mixing Model

In the IEM approach, the composition space of the species is discretized rather than the
physical space of the reactor. The space of composition can be divided into two or more en-
vironments, Fig.2b, that interact due to mixing. In the experiments presented, the bioreactors
are strongly segregated and a description of the concentration distribution based on two envi-

ronments (with high and low substrate concentration) constitutes a reasonable approximation.
9
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tation, Fig.2a. In this distribution it is possible to encounter two different peaks, one at a lower

C
p© P(Cro) P(Cron)

p(Ck.lugh) p(Ck.high)

C Ck.low Ck‘high
(a) (b)

Criow

(c)

Chohigh

Figure 2: Hypothesized concentration distribution in a fed-batch reactor (a), its description by means of two

environments (b) and discretization through elementary probability units (c).

concentration, Cy j,,, With a higher probability, p (Ck,zow), and one at a higher concentration,

Ci high» With a lower probability, p (Ck7h,~gh), corresponding to the bulk of the reactor and the

poorly meso-mixed region in the vicinity of the species injection, respectively. The interaction

of the species compositions in the different environments occurs by means of a mixing model

[47].

The environments can be discretized in a number of elementary probability units, Fig.2c,

that can be thought as presumed sub-volumes in case the environments probabilities remain

constant in time. A fundamental assumption in the IEM model is that each elementary sub-

volume has the same probability to exchange mass with each and every elementary sub-volume,

including those of the same environment. Therefore, the results of these exchanges can be

represented by a single exchange with a fictitious volume at the volume average concentration

(Cy). The resulting equations for the segregated species are:

de lo 1

Shee - ((C1) = Cuton) +Riston

dCypi 1

—SUL = —((Ck) — Cunigh) + Runigh + S
dt Tm /

9)

(10)

Sk 1s a source term for the species under consideration representing the feed. The volume

average concentration of any distributed species is computed as :

(Ck) = P(Criow)Cr tow + P(Ck high) Cr.high

10

(11)
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Having described the inhomogeneities in the system in terms of concentration space segre-
gation instead of physical space segregation, the term 7, is the only parameter of the model,
related to some mixing time constant, which defines the rate of exchange between sub-volumes.

The IEM model distributes just the species that cannot be considered as homogeneously
dispersed in the volume. The reaction rates are calculated in each sub-volume and the con-
centrations of the homogeneously dispersed species are then volume-averaged to retain just
one value per species. The concentration of the homogeneously dispersed species is then a
composition of all the concentrations in the sub-volumes (which change differently due to the
different reaction rates), whereas the concentration of the distributed species is a vector with as

many elements as the total number of sub-volumes.

3.3. Implementation in ADENON

All simulations were performed with ADENON, a simulation software developed in the
MATLAB R2016a environment by this research group. The software focus is mostly directed at
the simulation of bioreactors, by solving biological models within a fluid dynamics framework
(compartment models, plug-flow reactors, stirred tank reactors, interconnected multi-stage re-
actors, batch or fed-batch cultures as well as accelerostat cultures). ADENON formulates a
system of ODEs in terms of mass and volume balances, based on the user defined case config-
uration. This set of ODE:s is then solved using the Runge-Kutta 2,3 explicit scheme for time
integration.

In the previous section, two environments were considered. Dividing each of these envi-
ronments into elementary subvolumes of the same size allows a direct calculation of the proba-
bilities p(C jow) and p(Cy nign) as the ratio of the number of sub-volumes in each environment

to the total number of sub-volumes.

Néow
P (Cl()w) NC (123—)
high
N C
P (Chign) N (12b)

In this work we hypothesized that the environment probabilities remain constant during the

fermentation.
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Each environment being made of a collection of identical elementary sub-volumes, the

average concentration now writes :

1 Ne
Co)=—Y) Ci; 13
(Ck) Nc,; . (13)

p(Ciow)

p(Chigh)

[TTTTTTTITTTTTITTT]

Figure 3: Scheme of an Interaction by Exchange with the Mean model. The scheme represents the two environ-
ments made of a collection of sub-volumes that exchange with their mean at the top. For any sub-volume, the sum
of mass exchanged with the other sub-volumes is equivalent to a single exchange with a fictitious volume at the
mean concentration. In the top left corner, the concentration distribution described by means of two environments
discretized through elementary probability units.

The implementation of the IEM model in the framework a compartment based code is
presented in Fig.3. As an illustration, the system consists of Nc = 20 sub-volumes (the 20
squares composing the larger square) and two environments, corresponding to the fraction of
the total volume at a given composition (represented by the total number of red, Ngigh, and
the total number of white squares, NIC"W). The arrows represent the exchange between each
sub-volume and the mean. The corresponding environment distribution is represented as well.
By changing the number of sub-volumes in which there is an injection, Ngigh, and the number
of total sub-volumes, N, the probabilities of the environments with low and high concentra-

tion can be adjusted to any experimental configuration. It is of practical interest to consider a
12
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collection of sub-volumes in the view of implementing the IEM model in the framework of a
multi-compartment based simulator. At first sight, solving N¢ equations instead of two looks
like a waste of time, a step back due to the code structure. However, the benefit is that all
simulations presented in this work, irrespective of the hydrodynamic model (CMA or IEM),
are performed under the same modeling framework, using the same models for population and

metabolic aspects of the problem.

4. Simulation set-up

4.1. Large scale Fed-Batch

The 20m> fed-batch experiment was simulated using the CMA with 70 compartments (
as in [1] and [31] ) in order to assess the IEM model against it. The initial conditions of
the simulation were set to replicate the experiment and the initial biomass concentration was
initialized at u(t = 0) = 0.63h~!. The authors reported that “the dissolved oxygen signal did not
show any oxygen limitation” but hypothesized that the acid production was due to high substrate
concentration inducing local oxygen limitations. Simulation due to Pigou and Morchain [1]
showed that the acetic acid was indeed produced through the overflow metabolism rather than
through fermentative pathways. Consequently, the oxygen inter-phase mass transfer rate was
neglected and the concentration of the dissolved oxygen in the liquid was always considered
at saturation (~ 10mgo/L). The general situation where both sugar and oxygen gradients are
present is not covered here. It certainly raises new challenges and some considerations are
proposed at the end of the discussion part.

In our IEM simulation, the injection occurred in 1 of 70 sub-volumes, in the same way as
Vrabel et al. [31] and Pigou and Morchain [1] did in the context of a compartment model. Sim-
ulating the Xu et al. [44] mixing time experiment with the IEM model allows the identification
of 7,, leading to the same macromixing time of 250s, Fig.4. The IEM model, of course, loses
the spatial information regarding the tracer concentration, but, using an IEM model parameter
equal to T, = 36s, it is able to reproduce the macromixing time.

In Fig.4 the evolution of the tracer concentration at the three monitored locations as pre-
dicted by Pigou and Morchain [1] is shown. The macromixing time is calculated as the time
needed by the tracer to reach a concentration of +5% of the final concentration and Fig.4

shows that the non-dimensional concentration at the bottom probe reaches the +5% interval
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after ~ 250s.

4.2. Two stage bioreactor STR+PFR

Considering the Neubauer et al. [16] experiment, the reference case is a spatially re-
fined simulation performed considering a STR connected to a PFR. The initial conditions
were set to replicate the experiments and the initial biomass concentration was initialized at
p(t =0) = 0.65h~'. When the IEM model is used, the biomass, the acetate and the oxygen
were treated as perfectly mixed species. In both cases, the oxygen inter-phase mass transfer
rate was neglected considering the concentration of the dissolved oxygen in the liquid always
at saturation (~ 10mgp/L). This condition, according to the authors, would be valid for most
of their experimentally characterized reactor configurations. The injection being located in
the PFR, Fig.5a, this configuration resembles a poorly mesomixed fed-batch in a stirred tank

reactor in which the injection plume is segregated from the bulk of the volume and the fresh
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Figure 5: Reactor configuration of Case B in the Neubauer et al. [16] experiment (a). Poorly mesomixed fed-batch

in a stirred tank reactor (b) and its description by means of the [EM model (c).

The IEM model, Fig.5c, further simplifies the system dropping the spatial information. The
model only deals with the two environments, the plume and the bulk with high and low substrate
concentration respectively and assumes that the characteristic interaction time between these
two environments is equal to the PFR residence time, equal to 113s, therefore this time was
chosen for 7,,. A total number of 187 sub-volumes was defined in the simulations and the
injection in the PFR was reproduced through a source term in 13 sub-volumes, obtaining a
ratio of 13/187 = 0.0695 that closely matches the ratio between the experimental volumes

0.695L/10L = 0.0695.

4.3. Biological constants

All simulations are performed using the same metabolic model. A detailed presentation of
the model can be found in [1] (Appendix A). The same notations are used in this work. In
that previous study, the constants for the Xu et al. [44] experiment were determined and their
values are used in this work. The constants of the Neubauer et al. [16] experiment were tuned
to match the homogeneous Case A results. A sensitivity analysis was performed on the most
influential constants shown in Tab.1 and it is reported in Appendix A. The constants that have

the highest influence on the results of the simulations considered in this work are:
* 95", the maximum oxygen uptake rate;

* K; 4, the acetate inhibition constant (in the expression of growth on glucose);
15
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Kl" '1» the acetate inhibition constant (in the oxygen uptake rate);

* m, the maintenance rate (see Eq.6);

Y4g, the glucose to acetate conversion yield (see Eq.5);

Yy &', the maximum glucose to biomass conversion yield (see Eq.6).

The constant values for the two sets of simulations are reported in Tab.1.

Table 1: Model constants and their values used to simulate the Xu et al.[44] experiment and the Case A of the

Neubauer et al. [16] experiment.

Constant | Xu et al. [44] | Neubauer et al. [16] Units
o 15.60 14.00 mmolp/gx - h
Kia 3.00 3.50 ga/L
K?, 3.00 3.00 ga/L
m 0.250 0.150 mmolg/gx - h
wy ferm
Y 3.00 moly /molg
AG 3.00 /
Yo 2.00 moly /molg
e 1.32 1.50 molx /molg

*The conversion yield of glucose in acetate in the Neubauer et al. [16] experiment was divided depending on the

acetate production mechanism, i.e. fermentation (ferm) and overflow (over)

Although Yy'&* is slightly different, the impact on simulated results is moderate due to the

dominating role of maintenance, m, in equation Eq.6

5. Results

In this Section the results obtained with the IEM model in the two experimental set-ups
described in Section 2 are shown and compared with the experimental data and the results from
the compartment model [1]. Results obtained considering the reactor as perfectly homogeneous
are shown as well. The dimensions of the spaces used in the simulations of the experiments
are presented in Tab.2. The first set of results corresponds to a constant maintenance rate, the

second set is obtained with a variable maintenance rate.
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Table 2: Dimensions of the spaces used in the simulations.

Physical space | 1 space | C space

Homogeneous model 0 1 0
Compartment model 3 1 0
IEM model 0 1 1

5.1. Constant maintenance rate

5.1.1. Simulating the Xu experiment

Fig.6 shows the average biomass, the glucose and the acetate concentration time evolution
obtained with a maintenance rate equal to 0.250mmolg/gx - h.

Concerning the average biomass concentration, Fig.6a, all the three modeling strategies
achieve a satisfactorily agreement with the experimental data. Taking into account spatial het-
erogeneities and biological diversity is not critical in predicting the total biomass. Indeed,
the total amount of biomass is essentially driven by the substrate feed rate and the substrate
into biomass conversion yield. Minor differences in the biomass concentrations are however
observed because different amounts of acetate are produced and re-consumed depending on
the fact that substrate heterogeneity is described or not. In Fig.6b, the evolution of the sub-
strate concentration is reported. The glucose concentration profiles of the IEM, compartment
and even the homogeneous case up to ~ 7h perfectly overlap. As the spatial inhomogeneities
become more important, three trends appear in the compartment model, depending on the sam-
pling position. This aspect is overlooked by the IEM model, nonetheless, it produces results
that are the same order of magnitude as the compartment model results and the use of this
simplified model does not worsen the agreement with the experimental data, with respect to
the more accurate compartment model. Fig.6¢c shows the time evolution of the concentration
of acetate. IEM and compartment model results are in good agreement up to ~ 8 and, as for
the data in Fig.6b, the agreement between experimental and numerical concentration profile
as predicted by the compartment and IEM model does not change appreciably. Considering
the system as perfectly mixed, on the other hand, lead to an underestimation of the acetate
concentration that is identically zero between 9% and 324 from the beginning of the process.

This latter result is in line with the fact that acetate is produced by overflow metabolism which
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Figure 6: Average Biomass (a), Glucose (b) and Acetate (c) concentration evolution in the Xu et al. [44] exper-
iment. Experimental data (filled symbols) and Compartment model results (open symbols) are collected at the
top (fop), middle (mid) and bottom (bot) of the fermenter, IEM model results (solid line), Homogeneous model

(dashed line). All the numerical data are obtained with m = 0.250mmolg/gx - h.

results from the cell exposure to concentration heterogeneities only.

The results obtained from the numerical simulation of the Xu et al. [44] experiment show
that the IEM model produces results that are in substantial agreement with the averaged global
experimental data, while the homogeneous model results deviate appreciably but not signifi-
cantly from the IEM and compartment models, with the largest differences found in the produc-
tion of acetate. This latter result confirms that acetate is produced through overflow metabolism.
In the model, this metabolic response is due to the local disequilibrium between uptake and
growth rates. Therefore, the distribution of glucose must be considered, either from a spatial

point of view (CMA) or a statistical point of view (IEM), to account for by-product formation.
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Figure 7: Biomass (a), Growth rate (b), Glucose (c) and Acetate (d) concentration evolution in the Neubauer et al.
[16] experiments. Experimental data of Case A (squares) and B (circles) are shown together with the results of the
homogeneous simulations (dashed line), the STR+PFR model (dotted line) and the IEM model (solid line). All

the numerical data are obtained with /m = 0.150mmolg/gx - h.

5.1.2. Simulating the Neubauer experiment

The experimental results of Neubauer et al. [16] and the simulation results are shown in
Fig.7. Fig.7a, shows the evolution of the biomass concentration in the bioreactor for the Case
A and Case B. The single STR Case A is simulated using a homogeneous model, while the
Case B is simulated using either a two-stage bioreactor (STR+PFR) or the IEM model. The
constants of the metabolic model reported in Tab.1 were tuned in order to reach an agreement
between the perfectly mixed Case A and the homogeneous model. As explained in Appendix A,
the most influential parameter are, with little surprise, the maintenance rate and the maximum
glucose into biomass yield. Thanks to this tuning, the numerical results of the homogeneous

model closely match the perfectly mixed experimental data. It is interesting to note that the

19



395

396

397

398

399

400

401

402

403

404

405

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

constant maintenance rate is now equal to 0.150mmolg/gx - h, much lower than the value nec-
essary to simulate the highly segregated Fed-batch of Xu et al. Regarding the simulation of
Case B, the biomass concentration profiles as predicted by the IEM and the STR+PFR models
almost perfectly overlap, indicating that considering the biomass as perfectly mixed could be
an acceptable hypothesis when examining integral results, even in this reactor configuration.
The IEM and the STR+PFR model, on the other hand, both over-predict the amount of biomass
produced in Case Bl (open circles) during the fed-batch phase, although exhibiting a trend
that qualitatively agrees with this experimental set-up, i.e. a non-linear reduced production of
biomass in time.

The mean growth rate evolution in time is shown in Fig.7b, where a very good agreement
between the experimental and numerical results is achieved throughout most of the process.
Between t = —5h and ¢t = 0 a noticeable deviation between the numerical and experimental
data occurs, but, considering the strongly non-linear biomass growth in the same time interval
(Fig.7a), this deviation can be explained by the fact that a constant growth was hypothesized
during the batch phase by the authors of the experiment.

Considering the glucose consumption dynamics, shown in Fig.7c, the overall trend and the
quantitative agreement in the fermentation is very convincing. In the overall growth rate evo-
lution and in the glucose consumption almost no differences exist between the homogeneous,
the IEM and the STR+PFR models. Nonetheless, a deviation between experiments and simu-
lations appears between the beginning of the process and ~ —3h. In Neubauer et al. [16], it is
said that the culture medium used for the batch phase of the fermentation contained 10.0g of
glucose per liter, whereas the experimental data are slightly lower. Therefore the misalignment
between simulated and experimental data may be due to inaccuracies in the acquisition of the
latter set of data.

Concerning the evolution of the acetate concentration, Fig.7d shows two distinct trends.
The acetate produced during the batch phase is rapidly re-consumed when the residual con-
centration of glucose becomes low. During the fed-batch phase, no acetate is produced in the
Case A whereas it accumulates when injection is performed in the PFR. As stated earlier in the
description of experiments, acetate is produced through overflow metabolism when cells enter
the PFR and face a high glucose concentration. It is also produced through fermentation at the

end of the PFR because of oxygen limitation case B1. This second source of acetate production
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vanishes if enriched air is used in the PFR Case B2. In any case, acetate is also re-consumed in
the STR where the glucose concentration is low. These multiple sources of acetate production
and re-consumption are taken into account in our metabolic model. In our simulations, the
acetate in the homogeneous model is completely depleted after few hours from the beginning
of the fresh substrate injection. This is a consequence of our metabolic model which consid-
ers that acetate is uptaken if the amount of glucose is insufficient to satisfy the cell needs for
growth. The initial re-consumption also takes place in Case B and it is correctly represented
by the IEM and the STR+PFR models. Moreover both models predict a remaining low but not
negligible amount of acetate that is confirmed by the experimental data collected in the Case
B1 configuration.

The model predictions are consistent for glucose, acetate and growth rate but still some
discrepancy remains regarding the calculation of the biomass concentration. One of the major
unsolved aspects in the discussion presented above is the over-prediction of biomass in the
Case B1 of the Neubauer et al. [16] experiment. Neubauer et al. [16] report a reduction of the
conversion yield of glucose in biomass, Yxg, from 0.5 to 0.38 gx.gs (-25 % roughly). Similarly,
Xu et al. [44] had to reduce by 25 % the value of Yx identified in an homogeneous lab scale
reactor in order to fit their results in the heterogeneous large scale fed-batch bioreactor. As a
matter of fact, despite the description of the spatial inhomogeneities in the reactor, a constant
m value, fitted from the perfectly mixed case data, proved to be inadequate in capturing the loss
in biomass production observed in segregated bioreactors.

To sum up, it is possible to reproduce the experimental results using the [EM model with
the same accuracy as spatially refined models. However, whatever the approach (spatial or sta-
tistical) it is necessary to increase the maintenance rate ( or reduce Yx) in order to account for
the effect of concentration heterogeneities on the substrate to biomass yield. These considera-
tions led us to consider that the maintenance rate might increase with the heterogeneity of the

glucose concentration field.

5.2. Changes in the maintenance rate

As stated in Section 3.2.1, substrate gradients may be responsible for the increased mainte-
nance costs and, as seen in Tab.1 and in Tab.A.5, m is the parameter that is subject to the largest
change with the degree of mixing. As proposed in Section 3.2.1, Eq.7 was implemented in the

code obtaining an on-line calculation of the maintenance rate. The two constant in this law are
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identified as follows. The my value is set to 0.150mmolg/gx - h, having hypothesized that in the
most homogeneous conditions (such as the Case A of the Neubauer et al. [16] experiment) this
value represents a base level for m. Exploiting the data collected from the fed-batch simulations
of the large scale fed-batch reactor, the variance of the substrate distribution was computed and
its time averaged value used to set to o = 4.86 x 10*L?/gx - mmol - h such that the resulting
maintenance rate is m = 0.250mmolg/gx - h. All the simulations were performed again, with
the m value linked to the degree of mixing in the bioeactor and compared to those using a con-
stant value, fitted for each case study. Results of the Xu et al. [44] experiment coupled with

Eq.7 are shown in Fig.8.
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Figure 8: Average Biomass (a) and Acetate (b) concentration evolution in the Xu et al. [44] experiment. Experi-
mental data (symbols) are collected at the top (top), middle (mid) and bottom (bor) of the fermenter. IEM model

results are reported for simulations with constant (solid line) and variable (dashed line) maintenance rate.

Fig.8 shows that tying the local mean substrate concentration fluctuations to the mainte-
nance rate does not produce substantial changes in the biomass concentration, shown in Fig.8a,
where noticeable but small differences exist between the data obtained with a constant value
of m or with a variable m. Fig.8b shows that different acetate profiles are obtained between
about 34 and 94 from the beginning of the simulation. Before and after this time interval,
the two acetate profiles obtained with constant and variable m perfectly overlap. In partic-
ular, the simulation where the maintenance rate was allowed to change due to the substrate
fluctuation produced a lower acetate concentration peak, due to a reduced fermentation rate.
Indeed, Pigou and Morchain showed that substrate gradients develop from 74 onward as the

substrate consumption characteristic time gets smaller than the mixing time [1]. The biore-
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actor is quite homogeneous up to 94 and the maintenance rate as predicted by Eq.7 is about
0.150mmolg/gx - h, much lower than the value used for the constant maintenance rate simula-
tions (0.250mmolg/gx - h). Therefore less glucose is needed by the cells that find more oxygen
to catabolize the substrate, resulting in less acetate production. The glucose concentration pro-
files as obtained with a constant and a variable value of maintenance rate are not shown since
they almost perfectly overlap.

The benefit of using a variable maintenance rate is more obvious when simulating the
Neubauer et al. [16] experiment, mainly because the cultivation consists in a batch (homo-

geneous) and a fed-batch (segregated) period of equal duration. The results are shown in Fig.9.
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Figure 9: Total biomass (a) and Acetate (b) concentration evolution in the Neubauer et al. [16] experiment.
Experimental data (symbols) and IEM model results obtained with variable m for the Case A (dashed line) and B

(solid line) experimental set-ups.

The biomass concentration profiles as obtained from the IEM model coupled with Eq.7 for
the three different configurations described in Neubauer et al. [16] and the corresponding exper-
imental data are shown in Fig.9a. The coupling of Eq.7 does not substantially affect the biomass
concentration profiles of Case A. In fact, the high concentration feed plume is rapidly dispersed
in the bulk of the STR, leading to m ~ mo = constant. Considering the biomass concentra-
tion profile in Case B, the IEM model coupled with Eq.7 significantly improves the agreement
between numerical and experimental results. In this case, the injection in the small plug flow
reactor volume produces high local concentration peaks that are not promptly relieved. The
acetate concentration profiles for the Cases A and B are shown in Fig.9b and no relevant differ-

ences are found with respect to the numerical simulations with constant maintenance rate. Also,

23



495

497

498

499

500

501

502

503

504

505

506

507

with a variable maintenance rate, the residual acetate concentration is consistently predicted for

the Case B, which is found in the Case Bl experiments as well.

6. Discussion

6.1. Time course of the maintenance rate
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Figure 10: 7, solid line, as obtained from Eq.7 for the Xu et al. [44] experiment (on the left) and Case B of the
Neubauer et al. [16] experiment (on the right). The dotted line represents a constant value of /i = 0.250mmolg /gx -

h.

In Fig.10, the evolution of m in time is shown for the Xu et al. [44] and Case B of the
Neubauer et al. [16] experiment. In the Xu et al. [44] experiment, on the left of Fig.10, assum-
ing a constant value of m = 0.250mmol/gx - h leads to an over-prediction of /7 in the first ~ 9%
of fermentation and a under-prediction of the mean maintenance rate in the last part of the pro-
cess. Ultimately, the overall over- and under-predictions cancel out and considering 772 constant
and equal to m = 0.250mmolg/gx - h does not lead to substantial global differences. On the
other hand, m in Case B of the Neubauer et al. [16] experiment, on the right of Fig.10, exhibit
two different behaviours. During the batch phase (negative times), the maintenance rate is con-

stant and equal to its value at rest: m = mgy = 0.150mmolg/gx - h. Right after the injection, high
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glucose inhomogeneities develop in the multistage reactor resulting in a sharp peak in the mean
maintenance rate profile that is slowly relieved in the following part of the fermentation. Hy-
pothesizing a constant value of m = 0.250mmolg/gx - h leads to an important over-prediction
of the maintenance cost in the batch phase that results in a lower biomass production during this
phase. Conversely, during the fed batch phase, a constant m = 0.250mmolg/gx - h seems to be
an acceptable fit, with an overall under- and over-prediction that, as in the Xu et al. [44] experi-
ment, cancels out. On the other hand, hypothesizing a constant value of i = 0.150mmolg /gx - h
works fine if the bioreactor is actually homogeneous ( Case A of the Neubauer et al. [16]), it
also perfectly describes the batch phase but highly underestimates the mean maintenance cost,
resulting in a higher final biomass production (as shown in Fig.7a). The very short batch phase
in the Xu et al. [44] experiment results in an overall negligible effect of the over-estimation
of the maintenance cost when considering a constant m = 0.250mmolg/gx - h, whereas, due to
a longer batch phase, a single constant value for the batch and fed-batch phase proved to be
inadequate in describing Case B of the Neubauer et al. [16] experiment.

The comparisons between the Xu et al. [44] and Neubauer et al. [16] experiments and the
numerical simulations prove that disregarding the state of mixing and the inhomogeneities lead
to inaccurate results, especially in terms of total biomass and acetate concentration. The results
obtained with the IEM model closely match those obtained with the more accurate and more
computational expensive compartment model, proving that the description of segregation with
a simplified approach may be sufficient when the growth rate distribution is spatially invariant.
An accurate biomass prediction heavily depends on the correct estimation of the glucose into
biomass yield taking into account the increased maintenance due to concentration gradients.
Further considerations on the metabolic response, such as overflow, are needed to account
for the acetate production. However the metabolic responses leading to the formation of by-
products can not, by themselves, explain the loss of biomass productivity evidenced in the
experiments. Thus, gradients affect the cell on two different levels: the first order effect is the
decreased yield and the second order effect is the production/consumption of acetate. A simple
kinetic model using a variable yield given by equation 8 can suffice to account for the first effect
whereas the addition of a metabolic model is needed to account for the by-product formation.
Clearly, a vast, consistent and up-to-date data set, including gas phase measurements is needed

to assess the generality of our proposition for a modified Pirt’s law. The recent work of Anane
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et al. provides such a database [17].

6.2. Lagrangian formulation of the m model
Following a single cell in its path inside the bioreactor, it was hypothesized that the cell,
subject to instantaneous and localized glucose fluctuations, changes its maintenance rate ac-

cording to Eq.14, following the formulation proposed by Pigou [35] for the cell stresses.

2
dm K(C(;(t) 1/; CG(r)dr) _m—mo (14)

dt Ts Tpio Ji— Thio Trec

In Eq.14, Cg, refers to the instantaneous local concentration of glucose found by the cell
along its path, K is a model constant representing the unit change in maintenance rate due to a
unit change in the driving force (i.e. the squared concentration fluctuations), 75 is a response
time of the cell to external concentration fluctuations, the squared term in parenthesis represents
the driving force of the change in the maintenance rate, mg is the minimum maintenance rate of

the cells and 7}, is a relaxation time toward the minimum maintenance rate mg. The expression

1
Tbio

ftt*Tbio Cg (7)d7 is a time average of the concentrations previously encountered by the cell.
This integral quantity is introduced to account for a memory effect, the fact that previously
encountered concentrations contributed to set the present cell state (including its maintenance
rate). It represents in some way an estimate of the concentration value to which the cell is
accustomed. From that angle, 73;, can be interpreted as the time scale of long-term metabolic
adaptation. The term in parenthesis therefore measures how much the local environment is
different from the past conditions and thus be perceived as stressing from the cell point of
view. In an homogeneous bioreactor, the time average is actually constant, equal to Cg, the
environment is stress-less and the maintenance rate would relax toward the base level mq with
a dynamic defined by the characteristic time 7,... In an heterogeneous bioreactor, the value of
the time average concentration depends on the ratio between the mixing time and T;,. If the
mixing time is smaller than 7p;,, the time average concentration can be regarded as the volume
average (Cg).

In addition, changes in the maintenance rate are certainly much slower than the rate of
change of substrate concentration along the cell trajectory, because the former is a consequence

of the latter. Thus, in the limit of the derivative dm/dt being negligibly small, Eq.14 simplifies

to:
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m = mo+ o (Cg (1) — (Cs (1)))? (15)

where the only parameter «, already introduced in Eq.7, is equal to K Tree XTZ’“‘

. Quite logically,
« results from the cell responsiveness, its response time and its recovery time to external fluc-
tuations. As such, the cell based Lagrangian vision helps understanding the integral Eulerian
model for .

A fruitful parallel can be made between equation Eq. 14, Eq. 4 and the metabolic model: in
both cases a difference between the local conditions (u* or Cg ) and a cell state variable (i or
f[t*Thia Cg (7)d7) is used to identify and quantify a cascade of biological responses. The short
term metabolic response leading to overflow, the induced effects resulting in an increased main-
tenance rate and finally the long term response driving the population growth rate adaptation
are accounted for at a minimal expense in terms of the number of internal cell variable.

In order to gain knowledge on the rate of change of maintenance rate for a population of
cells, Eq.15 should be extended to a large number of particles. Ensemble averaging Eq.15 over

the total number of cells in the reactor, V.., yields to:

Ncell.v

o & (¢l (ca) 2 (16)

m=my+ o

where m is the ensemble average maintenance rate and Cé is the substrate concentration
along the trajectory of the j** cell. Eq.7 is readily derived from Eq.16 since the number of cells
in the reactor is large enough to sample the whole volume. The summation in Eq.16 is indeed
a Monte Carlo calculation of the integral term in Eq.7

The parameters introduced in Eq.14 are a modeling choice aimed at describing in the most
accurate way the different phenomena occurring in a cell subject to substrate concentration fluc-
tuation, without adding constitutive equations for each of them. A comprehensive description
of the effect of the substrate concentration fluctuations on the cell metabolism would require
ad hoc experiments and insight on the single cell metabolic responses (such as in [11, 26, 48]),
that is beyond the scope of this work. The modelling of the metabolic changes due to substrate
concentration fluctuations put forward in this work has the goal to implement a simple Eulerian
integral description for fast numerical simulations of heterogeneous bioreactors.

The single cell equation Eq.14 was solved for the Xu et al. [44] experiment and for Case

B of the Neubauer et al. [16] experiments and, in both cases, it was hypothesized that the
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cell spent a time exactly equal to ¢, at higher substrate concentration and ¢y, at lower
substrate concentration. Ideally, a distribution of residence time in the low concentration zone
should be considered. The time trace of the glucose concentration experienced by these ideal
cells is shown in Fig.11. Having divided the substrate concentration space in 70 sub-volumes
and occurring the injection of fresh substrate in just one of the sub-volumes, 7, Was assumed
equal to ~ 3.6s for the Xu et al. [49] experiment, being this time equal to one seventieth of the
macro-mixing time, and ¢y, equal to ~ 246.4s. In the numerical study concerning Case B
of the Neubauer et al. [16] experiment, TC pmar WAS assumed equal to Tprg = 113s and TCs min
equal to Tgrg = 27min. The maximum, Cg gy, and minimum, Cg ,;, concentration in each
simulation were assumed constant and equal to the whole-process-time average of the substrate
concentration in the injection sub-volume(s) and in the remaining sub-volumes respectively.
The time trace of the glucose concentration just introduced was used as C(t) in Eq.14 and the

other constants are reported in Tab.3.

Table 3: Constants used in the solution of Eq.14.

Constant | Value Units
K 5x10° | L?/gx -mmolg-h
Ts 5x107% h
Thio 0.1 h
my 0.150 mmolg/gx - h
Tree | 5x1073 h

The characteristic time needed by the cell to adapt its metabolism to the substrate con-
centration in the surrounding environment, 7p;,, was hypothesized to be long with respect to
the other biological time scales as well as the fluid dynamics time scales. The values of the
other constants should be determined from dedicated experiments, that is why, in this dis-
cussion, a systematic analysis of the constants of Eq.14 is overlooked. The constants K, T
and T, and their ratio mostly influence the magnitude of the resulting m. The constants
were set in order to get o = KXT—Z’“ equal to 5.00 x 10*L?/gx - mmolg - h, close to the value
of o = 4.86 x 10*L? / gx - mmolg - h identified through experiments in Section 5.2. The constant

Ty, and especially the ratio between Tp;, and the interval between two consecutive fluctua-
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Figure 11: Instantaneous and averaged evolution of the glucose concentration experienced by the cells (left y-axis)
and instantaneous and averaged maintenance rate (right y-axis). The simulations were devised to test the change
in the maintenance rate due to substrate fluctuations for the Xu et al. [44]experiment (a) and for the Neubauer et

al. [16] experiment (b).

From Fig.11a, in the zoomed drawing encircled with the dashed line, it is possible to see
that the instantaneous maintenance rate obtained with the parameters in Tab.3 for the Xu et
al. [44] experiment, m(t), is subject to periodic peaks (due to the concentration fluctuations)
after which it recovers its value at rest, mg. Interestingly, the average m obtained over a Tp;,
time interval is almost constant during the fermentation, except for a short initial adjustment
time immediately after the beginning of the fed-batch phase. As already mentioned, averaging
in time over Tj;, is equivalent to averaging over the volume or ensemble averaging over the
entire microbial population. It is remarkable that the value of m is correctly predicted, owing to
condition o = T(’:C This indicates that our proposition to transform the Lagrangian dynamic
model into an integral Eulerian expression is meaningful.

On the other hand, the zoomed drawing encircled with the dashed line in Fig.11b shows that
in Case B of the Neubauer et al. [16] experiment the fluctuation characteristic time is longer
with respect to Xu et al. [44]. In fact, the presence of the large STR with low substrate con-
centration adds a long residence time between two consecutive glucose fluctuations. During
this time, the cells have time to adapt to the new low-concentration environment, producing

metabolic changes that affect the instantaneous maintenance rate as well as its averaged value.
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When the cells are transported to the high glucose concentration environment the concentration
difference triggers a higher metabolic stress with respect to the previous case. This behavior
is caught by the model in terms of time average glucose concentration (in thick blue line) that
is almost constant in Fig.11a whereas it pulses due to the fluctuations in Fig.11b. Another im-
portant aspect is the duration of the concentration fluctuation that in Case B of the Neubauer
et al. [16] experiment is two orders of magnitude larger than in the Xu et al. [44] experiment.
This longer exposure to high concentration allows the cell to adjust to the new high concentra-
tion environment, allowing for a small m recovery in the high concentration environment. This
single cell behaviour convoluted with the residence time distribution in the STR explains the
increased maintenance at the population scale leading to a reduced production of biomass with

respect to Case A of the same experiment.

6.3. Further considerations on the coupling with oxygen availability

In our simulations, the dissolved oxygen concentration is constant and equal to ~ 10mgo /L,
and fermentative metabolism could only take place because of a reduced oxygen uptake rate due
to inhibition by acetate. Considering K7’y = 4Gy /L along with residual acetate concentrations
below 10mg/L one can conclude that in absence of fermentation, the mixed acid metabolism
is not responsible for the reduced yield. The reduction was entirely attributed to an increased
maintenance rate as a results of gradient induced stresses. This corresponds to a possible ex-
planation proposed in most studies mentioned in the introduction.

However, several authors also argued that an exposure to insufficient oxygen levels would
trigger the mixed-acid fermentation pathways resulting in the production of lactate, formate and
succinate from pyruvate. Thus, these pathways compete with the central metabolism pathway.
Neubauer et al. [16] interpreted the reduced production of biomass in Case Bl as a result of
a suboptimal oxygen concentration inducing an acetate production through fermentation at the
end of the PFR. To support this, they performed Case B2 experiment (with enriched air injec-
tion in the PFR). The initial acetate production due to overflow metabolism was maintained but
acetate formation due to fermentation was eliminated. Also, the production of biomass matches
the biomass production in Case A. This result suggests that overflow, by itself, is not the main
cause of yield reduction. Xu et al. repeated the experiments of Neubauer, confirming the pre-
vious results and finding that the various acids are re-assimilated almost entirely in the aerated

STR. They explained that the repeated production and re-assimilation may be a contributing
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factor causing biomass loss upon scale-up [44]. Despite the fact that the oxygen sensor did not
reveal limiting levels in the 20m> experiments, they concluded that oxygen limitation is cer-
tainly present or perceived by the micro-organisms. In the end, mixed-acid fermentation lead
to small amounts of by-products ( a few mg/L) which can not quantitatively explain a decrease
in biomass production of several g/L.

A possible explanation for this experimental observation is that the bacteria subject to in-
tense substrate fluctuation almost instantaneously convert up to 30% of the substrate into CO;
with a specific uptake rate of O, that was very similar to the specific rate of CO; excretion [50].
This indicates that the oxygen demand increases as a result of over-assimilation. If enough
oxygen is available, the massive excretion of CO, limits the flood in the central metabolism
and this mechanism therefore contributes to a reduction of the metabolic stresses, i.e. lower
m values. If the oxygen availability is insufficient (or the oxidative capacity of the cells is
saturated) mixed-acid fermentation is triggered as well as a cascade of genetic and enzymatic
bioprocesses which contribute to increasing the energetic cost of living from the cell point of
view. It is therefore promising to consider that both substrate and oxygen distribution can con-
tribute to a modification of the maintenance rate and extend the proposed approach to multiple

nutrients.

7. Conclusions

In this work a two-environments IEM mixing model was implemented in the context of the
software ADENON to describe the substrate inhomogeneities in two experimental fed-batch
processes found in literature. Numerical simulations were performed to test how results ob-
tained with the IEM model compared to numerical results obtained with a compartment model
from literature and to the experimental results. A very good agreement was reached between
the results obtained with the IEM and the compartment model, proving that a simplified de-
scription of the state of mixing could suffice when just substrate concentration spatial gradients
are important. The agreement between the experimental and the numerical results is not wors-
ened by the adoption of the simplified IEM model, in both the experimental set-ups found in
literature. In comparison to other approaches (CFD and CMA), the use of an IEM model allow
a fast and inexpensive simulation of highly segregated heterogeneous bioreactors. Considera-

tions on the increase of the maintenance rate due to concentration fluctuations were necessary
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to improve the agreement with the experimental data. A modification to the Pirt’s law introduc-
ing a dependence of the cell maintenance on the variance of the concentration distribution was
hypothesized, validated against experimental data and discussed both from a Lagrangian and
from an Eulerian perspective. This proposition constitutes a very simple and presumably gen-
eral framework to connect concentration gradients to the maintenance rate. To sum up, the cost
of living in an imperfectly mixed bioreactor increases with the variance of the concentration

distribution.
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Appendix A. Sensitivity Analysis on the Neubauer experiment

A sensitivity study on the constants range highlighted that 6 constants of the metabolic
model had the highest effects on the Neubauer et al. [16] results. The constants and their

values can be found in Tab.A 4.

Table A.4: Model constants and their values used in the sensitivity study.

Constant | —30% (-1) | Xu et al. [44] value | +30% (+1) Units
o 10.92 15.60 20.28 mmolp/gx -h
Kia 2.10 3.00 3.90 ga/L
K?, 2.80 4.00 5.20 ga/L
m 0.175 0.250 0.325 mmolg/gx -h
Yic 2.10 3.00 3.90 moly /molg
Yye 0.92 1.32 1.72 moly /molg

A £30% deviation from the values proposed by Pigou and Morchain [1] to simulate the Xu
et al. [44] experiment was studied, to map the sensitivity of the Neubauer at al. [16] results
on the variations. Three response variables were observed, namely, the biomass concentration
at the end of the fed-batch process, the maximum concentration of acetate found in the system
during the whole process and the time needed to deplete the initial amount of glucose and
therefore end the batch phase. The effects of the constants change on the response variables are
shown if Fig.A.12, where the constant normalized values of £1 indicate a variation of +30%
from the default values and the y-axis values are the percent change of the response variables
with respect to the simulations with the default constants values (0).

Fig.A.12 shows that just a decrease in the maintenance rate, 772, or an increase in the maxi-
mum conversion yield of glucose in biomass, Yy 4", may lead to an increase of the final concen-
tration of biomass. Both constants appear in the Pirt’s formulation of the glucose to biomass
conversion yield, Eq.6, but m is related both to the bacteria and to the operating conditions,
whereas Yy 5" is presented as a maximum limit only dependent on the selected strain. Increas-
ing the biomass concentration at the end of the fed-batch phase by changing the two constants
presented above lead to a relatively large variation in the production of acetate, that can be

adjusted with a variation of the other constants.
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Figure A.12: Effect of the constants £30% variation on the response variables.

The sensitivity study was instrumental in tuning the constants in Tab.1 for the Case A of
the Neubauer et al. [16] experiment. In Tab.A.5 the percent change of the constant values
tuned for the Neubauer et al. [16] experiment with respect to the values proposed by Pigou and
Morchain [1] to simulate the Xu et al. [44] experiment is reported. The constant values for the
two experiments are reported in Tab.1.

Tab.A.5 shows that the maintenance rate is subject to the largest absolute value variation,
pointing to the fact that a model to account for the change of m in the two sets of experiments

may be needed.
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Table A.5: Model constants and their values used to improve the agreement with the Case A of the Neubauer et

al. [16] experiment.

Constant | Percent change
0o —10.3%
Kia +16.7%
K?, 0.0%

m —40.0%
>,<Yferm

. _7.0%
Rite

X6 +13.6%

**The average Y4 weighted on the acetate production mechanism is 2.79moly /molg

Appendix B. Further comments on model parameter identification

In section 5.2, the determination of & is based on a fitting of experimental results. my =
0.150mmolg/gyh is obtained from experiments under homogeneous condition. When the
reactor is heterogeneous and a constant maintenance rate is assumed, the latter has to be
increased up to 0.250mmolg/gch. 1Tt is proposed, in this work, to relate the maintenance
rate to the variance of the concentration field. Therefore, the value of « is fitted so that
m(o¢) = my+ a(o¢) = 0.250. The instantaneous variance, o¢(¢), is obtained from the post-
processing of spatially resolved simulations using a CMA approach and its time average value
( oc¢) is computed. This completely defines the value of «.

In section 6.2, we provide an explanation for the formulation proposed in equation (7). For
this, we consider several phenomena such as the cell responsiveness to concentration fluctua-
tions, K, the time constant of that response 7 and the recovery time constant 7,... In the end,

after some mathematical manipulations, it is shown that & can be identified with the expression

KT,
o=—2
TreC

(B.1)

And of course there is an infinity of triplet leading to the same value for a. For that section
however, we need to set a value for each parameter introduced. An arbitrary choice was made

based on physical and biological considerations. We assumed that the response time 75 is
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one order of magnitude larger than the recovery time 7,.. (the opposite would lead to cells
being insensitive to external fluctuations). Then the response time should be shorter than the
exposure time which corresponds to the residence time in the concentrated zone (otherwise cells
would not perceive gradients). Looking at the concentration profile reported in the Neubauer
experiment (where Tprr = 113s), we can figure out that the response time to concentration
change is much shorter than the residence time in the PFR, thus we choose arbitrarily 2 seconds.
Then we get T, = 20s and since the targeted value for « is known this sets the responsiveness
constant K. Because of that choice, the Lagrangian simulation in section 6.2 indicate that cells
seem to recover the stressing event in the Xu experiment because the residence time in the
stressing zone is much longer than in Neubauers experiment. To sum up, in section 6.2, we
choose the parameter value quite arbitrarily (respecting some logical reasoning) in order to
enlighten the effects of the duration and frequency of concentration changes on the overall
maintenance rate. However, dynamic experiments such as those reported very recently by
Anane [17], performed massively on parallel bioreactor platforms, certainly provide enough

quantitative and informative data to perform a more precise parameter identification.
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