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Abstract

BACKGROUND: Modeling is a widely employed tool in the study of bioreactor scale-up where mixing,
reaction, mass transfer, and biological phenomena interact. Heterogeneous large-scale reactors have usually
been modeled with numerical models which naturally employ an analysis workflow of determining an end
result from operating conditions. Design perspective that uses the desired end result to infer the required
operating conditions is usually not accounted for.

RESULTS: To fill this gap, one-dimensional axial diffusion equations have been proposed as a generalized
model of high aspect ratio bioreactors. Using a previously published large-scale Escherichia coli fed-batch as
a reference and a previously published kinetic model, the design perspective was demonstrated by using the
analytically solved diffusion equation model to determine maximal mixing times and feed rates that avoid
acetate overflow. Similarly, the minimum required oxygen transfer rate coeflicients and oxygen gas partial
pressures for the same scenario were determined.

CONCLUSION: Analytical solutions to axial diffusion equations could be used for preliminary quick screening
of process parameters required to fulfill a design objective. In future, the model could be used to initialize
more involved numerical simulations or in the design of scale-down setups mimicking the environment found
in large-scale reactors.
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1 Introduction

Non-homogeneous conditions are characteristic of large-scale bioreactors, where the fed substrate, dissolved
gases, pH, and temperature may be heterogeneously distributed'. In effect, the host microorganism may
activate various stress responses to temperature changes” and extremes of pH?>, osmotic pressure*, oxygen®,
and carbon dioxide®. Heterogeneity of the microorganism-affecting quantities is often considered detrimental’,
as it is associated with lower yields and productivities®. However, heterogeneity is not only a negative feature:
depending on the context, host viability’, product quality®'?, and yield and productivity'""'> may be improved
by the heterogeneous conditions. Ideally, experiments would be conducted to characterize the production host
and the whole process at the large scale, but for economical and practical reasons such experiments are rare
and inaccessible for most, thus necessitating modeling and simulations.

Apart from correlations and homogeneous ideal reactor models, modeling of bioreactors has thus far been
mostly numerical in nature, being based on compartment models'>~!7 and computational fluid dynamics
simulations!8-2!. The previous modeling studies have analyzed various bioreactor scenarios and produced
profiles of substrate and dissolved gases based on chosen operating conditions. The focus has been on analysis
of existing scenarios and how the host microorganism’s metabolism is affected. However, the process design
perspective that starts with the desired end result??, has usually been left unexplored in modeling. Instead of
focusing on, for example, how much of overflow metabolism?® Escherichia coli is expected to exhibit under
the analyzed scenario, and how large a biomass yield loss is expected as a result, one could ask what should
the mixing time or the glucose feed rate be to avoid the acetate overflow and biomass yield loss of E. coli
altogether. Similarly, one could determine how large an oxygen transfer rate is required to avoid dissolved
oxygen limitations at the feed point’s vicinity, instead of analyzing the extent of the oxygen limitation itself.
These design questions are in opposition to the typical numerical workflow, where the operating conditions
are used to determine the end result. In contrast, the design perspective infers the operating conditions using a
predefined desired end result as the starting point.

For screening of such preliminary process design choices, less involved, directly computable models would be
preferable. A recent two-part study’*?> demonstrated that typical large-scale stirred bioreactors with high
aspect ratios can be modeled with analytically solved 1D diffusion equations, which are essentially continuous
1D formulations of earlier 1D and 2D compartment models?®?’. Similarly to the more involved simulation
approaches, the 1D diffusion equation models have been used to analyze profiles of substrate, dissolved oxygen
and carbon dioxide, temperature, and pH in large-scale reactors. The aim of this work is to demonstrate how
the design perspective can be satisfied using 1D diffusion equation based models of large-scale bioreactors. A
reference fed-batch culture from literature® is used as an example case, and the maximal mixing times and
substrate feed rates that avoid acetate accumulation according to a kinetic model?® are determined. In addition,
the minimum required oxygen transfer rate coeflicients and oxygen gas partial pressures are calculated for
the same example scenario. Also, clear operating instructions—simple enough to be carried out even in
spreadsheet software—are provided, which is a major simplification in comparison with earlier simulations.

2 Materials and methods

2.1 Diffusion equation modeling

The diffusion equation based model is in essence a continuous form of 1D compartment models'>?®, where

the axial mixing is represented by a diffusion constant, the dispersion coefficient d (m? s~!). The other way
around, 1D compartment models are coarse-grained discretizations of 1D diffusion equations. The model



development has been presented earlier’*>

reviewed here.

, and only the main results necessary for the model application are

The model couples the mixing times ¢, (s) at a threshold level of homogeneity |1 — u| with the geometry and
dispersion coefficient?*:

u=
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H is the working height (m), u the dimensionless tracer concentration, x the axial coordinate divided by
height (x = 1 is at the top of the working volume), and x( the feed point’s dimensionless axial coordinate. In
particular, the dispersion coefficient d is related to the most commonly used 95 % mixing time f9s (normalized
tracer concentration within 5 % of equilibrium) by
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when the measurement and feed points are as far apart as possible (at the very top or bottom). If either the
feed point or the mixing time measurement point is close to the middle of the reactor, another form of the
shown equations needs to be used according to the previous study?*. Eqn 2 can be utilized if a mixing time
is known or an applicable mixing time correlation exists. If the mixing time is not known and no specific
correlation exists, a predictive method for determining the dispersion coefficient validated with a large set of
data®* can be used.

The axially variable substrate concentration S (g L") is related to the substrate’s mean concentration (gL b
by

M
sinh M
The dimensionless substrate modulus, M, is the square root of the ratio of the time-scales of reaction (rg/{S))
and mixing (H?/d):

S=(S)
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where rg is the overall volumetric substrate consumption rate (g L! h_l). In a fed-batch, the substrate
consumption rate can usually be approximated well enough by the substrate feed rate Qs (gL~' h™'). In terms

of the longest possible 95 % mixing time, the modulus is
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with the rg * Qg approximation.

The substrate’s mean concentration (S) was estimated directly from Monod-kinetics® rg =
gsX (S) /({S) + Ks) ~ QOs, yielding

Os
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Ks, (6)

where g5 is the maximum specific substrate uptake rate (g g~' h™!), X the biomass concentration (g L™"), and
Ks the Monod constant (g Lh.



The local dissolved oxygen concentration was approximated to follow a steady-state balance equation without
liquid-phase mixing:
kra (hoOg - OL) = qo0X, (7)

where kpa is the oxygen transfer rate coefficient (h™!), hp = 0.0275 mol mol~! the Henry’s constant for
oxygen’?, Og the concentration of oxygen in the gas phase (gL ™!), O the dissolved oxygen concentration
(gL7"), and g0 the specific oxygen consumption rate (g g~ h™!). The specific oxygen consumption rate go
was made to depend on the local substrate concentration S (Eqn 3) according to a kinetic model.

2.2 Metabolic model and case example

An E. coli kinetic model®® was applied here to relate the concentrations of substrate (glucose), acetate, and
oxygen to the biomass-specific reaction rates. The maximum specific substrate uptake rate depended only on
acetate concentration A (gL~ ! ):

0.6356gg™'h~!
1+A/(1.2399gL’1)

qs = (8)

The actual substrate uptake rate was then obtained by multiplying gs by the Monod-term

S/ (S+ (0.0370gL_l)). The net production or consumption of acetate depended on the substrate,

acetate, and oxygen concentrations as explained in the original publication?®. The specific oxygen

consumption rate was related to the substrate and acetate consumption rates as explained earlier?®.

A 22m?® E. coli fed-batch® was used as a reference case. The reactor’s total volume was 30 m?, and the
working height was here assumed to be 7m. A fo5 = 165 s mixing time, kpa = 180 h™! oxygen transfer
rate coefficient, and € = 1.3 Wkg™! specific stirrer power input was reported!” for the fermentation. The
head-space pressure was reported® to range between 1.25 bar and 1.5 bar. An absolute pressure of 2.5 bar was
then used here for the head-space. Assuming a 1000 kg m~3 broth density, the absolute pressure at the bottom
of the reactor was estimated to be 3.2 bar. The input air was assumed to contain 21 mol-% oxygen.

After the initial batch-phase, the reference fed-batch started with an exponential feed and continued with a
constant feed. Both feeding schemes were considered here: (1) a constant Qg =4 ¢g L~"h™!, which resembles
the one used in the referenced large-scale fed-batch culture®, (2) and an exponential feed

05 = (0.245 gg! h") X, (9

which corresponds to an exponential growth rate of 0.11 h™' with 50 % biomass yield on substrate and
0.025 g g~ " h~! maintenance rate3!. The 0.11 h™! specific growth rate was chosen to ensure aerobic growth
according to the kinetic model?3. The exponential feed rate ranged from 0.98 gL' h™' t09.8 gL ™" h™! as the
biomass concentration ranged from 4 g .™! to 40 g L~!. In the referenced large-scale cultivation®, a 37 g L~
biomass concentration was measured at the end of the process. Here, biomass concentrations from 4 gL~! to
40 gL~! were considered.

2.3 Software

All computations were performed with Python 3.11.7 using the packages NumPy 1.26.4°% and pandas
2.1.4%33% However, selected computations were implemented also in a spreadsheet (LibreOffice Calc 7.1.8.1)
to demonstrate the model’s accessibility. The spreadsheet is provided in xIsx-format as Supporting information.



3 Results

The case example based on a fed-batch process reported earlier® is initialized first (Section 3.1). Determination
of mixing time and substrate feed rate using a threshold substrate concentration at the feed point is demonstrated
in Section 3.2. The minimum required oxygen transfer rates or oxygen gas partial pressures that avoid dissolved
oxygen limitation are then evaluated (Section 3.3). Analysis of substrate or oxygen concentrations given a
mixing time (or dispersion coefficient and geometry), substrate feed rate, oxygen transfer rate coefficient,
and yield coefficients has been demonstrated earlier?, and step-by-step analysis instructions have also been
provided earlier®.

3.1 Initializing the case example

One of the most cited bioprocess scale-up issues is the acetate overflow metabolism exhibited by E. coli. The
production and consumption of acetate are eventually balanced by E. coli, and high glucose concentrations
equilibrate these rates at high acetate concentrations?®. Thus, acetate accumulation is observed with high
glucose concentrations, as the acetate concentration is rising towards its equilibrium concentration. For
example, the 22m? E. coli fed-batch® was reported to have a volumetric mean acetate concentration of
37mgL~" with 20 g L~ biomass concentration at 20 h since the start of the process. An acetate concentration
of 124 mg L~!, a tenth of the acetate inhibition constant in the used kinetic model, was used here. Based on
the E. coli W3110M model?® used here, the 124 mg L™! acetate concentration corresponds to a 68.9 mgL ™!
glucose concentration with non-limiting oxygen. With 124 mg L™! acetate the maximal specific substrate
uptake rate was gsmax = 0.578 gg~'h.

The gas-phase concentration of oxygen at the top of the reactor, Og, was calculated with ideal gas equation
assuming 21 mol-% oxygen content in the air. The resulting concentration Og ~ 656 mg L~ in the gas phase
corresponded to a dissolved oxygen concentration of Oy ~ 18.0mgL~! at equilibrium. Hydrostatic pressure
increased the equilibrium dissolved oxygen concentration to Oy ~ 23.0mgL~! at the bottom of the reactor
(7m depth). Oxygen limitation can be considered to occur when the dissolved oxygen concentration O,
equals the affinity constant (0.1 mgL~" here®®).

3.2 Maintaining substrate concentration below a limit

In an E. coli fed-batch process design context, one might ask what are the conditions for mixing time or
glucose feed rate for preventing acetate accumulation or local oxygen depletion beyond a predetermined limit.
Using the diffusion equation based model, the procedure for finding such a mixing time or feed rate is:

1. Decide on the upper limit for substrate.
* The kinetic model can be used to relate the substrate value to the concentration of an unwanted
side-product, such as acetate in the case example.
2. As a worst case scenario, assume a top feed (xo = 1)
* The best-mixing feed at the middle follows this same procedure but with the mixing time reduced
to a quarter>®-3® of the mixing time corresponding to the top feed.
3. Calculate mean concentration of substrate and the substrate modulus using Eqns 6 and 5.
« If the mixing time is being calculated:
(1) Calculate the mean concentration (S).
(2) Iterate the modulus M until the calculated substrate concentration at the feed point (Eqn 10)
matches the maximum allowed concentration, Spax.



* If the feed rate is being calculated:
(1) Make an initial guess for the feed rate Qg first.
(2) Calculate the mean concentration (S) and modulus M.
4. Either:
(a) Calculate 95 % mixing time f95 using Eqn 11.
(b) Iterate feed rate Qg until the substrate concentration S calculated with Eqn 10 matches the
maximum allowed concentration.

The procedure is exemplified next with the case example, where the Spax = 68.9 mg L~! maximum substrate
concentration defined in Section 3.1 is related to the highest allowed mixing time 795 or feed rate Qs. An xlsx
spreadsheet example of the procedure is also provided as Supporting information. Using a top feed (xo = 1), a
worst-case scenario in terms of mixing, in Eqn 3 results in

M
tanh M

(If M > 1.86, then Spax = (S) M with less than 5 % error.)

Smax = <S>

(10)

With the considered exponential feed (Eqn 9), the mean substrate concentration (Eqn 6) was (S) = 27.2 mg,
or 86.2 % of the allowed maximum concentration, leaving only a small margin for heterogeneity. The
corresponding substrate modulus was M = 2.49 with the exponential feed regardless of considered biomass
concentration. With the constant Qs = 4gL~'h~! feed the mean substrate concentration ranged from
the values exceeding the allowed 68.9 mg L~! maximum with low biomass concentrations down to (S) =
7.7mgL~" at X = 40gL~". The corresponding substrate moduli ranged from 0 to 8.89 with the constant
feed depending on the biomass concentrations.

The mixing times were then calculated to range from 233 s to 23.3 s with the exponential feed and from O's to
206 s with the constant feed (Figure 1):

_L/ 9s
to5 = 1710 th(S)' (11)

With the constant feed, the allowed mixing time was initially zero (infinite rate of mixing) or very low,
as the feed rate Qs was high with respect to the considered biomass concentration X, leading to high
mean concentrations (S) as well with little to no margin for heterogeneity. At X ~ 34gL"! the constant
Qs = 4gL"! feed rate demanded the 165 s mixing time reported!” for the referenced large-scale experiment®.
With the exponential feed, which is proportional to the biomass concentration, higher feed rates demanded
lower mixing times to avoid acetate accumulating beyond the chosen 124 mgL~! limit. Even though the
mean concentration remained the same, the overall reaction rate increased for the higher biomasses. This
led to stronger competition between reaction and mixing, demanding lower mixing times for the substrate to
stay within the limit. The reported!” 165 s mixing time could support only an approximately 1.4 gL' h~!
feed rate or 6 gL' biomass concentration under the exponential scheme (Eqn 9). For most of the time, the
referenced large-scale culture® exceeded the limits calculated here.

Similarly, fixing the 95 % mixing time to a specified value, f9s = 165 s here!”, allowed determining the highest
substrate feed rates allowed by the 68.9 mg L~! limit at the feedpoint. The mean concentration influences the
modulus, but the modulus dictates which mean concentration is allowed by the substrate concentration limit.
Direct computation of substrate’s mean concentration and substrate modulus was thus not possible, but they



had to be calculated iteratively instead. The substrate feed rate was iterated to satisfy

M

Smax — (S =

0, (12)

where both the mean (S) (Eqn 6) and modulus M (Eqn 5) depended on the feed rate Qs. The mean
concentration depended also on the biomass concentration X. The calculated substrate feed rates were between
1.59gL""h™" and 4.42gL""h~! with the 4gL"" to 40gL"~! biomass (Figure 2A), and corresponding
exponential growth rates (h™!) are shown in Figure 2B. The corresponding allowed specific growth rates in an
exponential feed (Eqn 9) would have been 0.10 h™! at 7 g L~! biomass concentration and down to 0.04 h™! at
40 g L~! biomass concentration. The obtained mean concentrations ranged from 24.0mg L™! at low biomass
concentrations down to 8.8 mg L™! at 40 gL.™! biomass concentration, and the corresponding extremes of
modulus were 2.85 and 7.87.

Figure 3 demonstrates the axial substrate profiles (Eqn 3) obtained at X = 20gL~! with an optimized
fos = 81 s mixing time and an optimized Qs = 3.0 gL' feed rate that satisfy the 68.9 mgL~! substrate limit
at the feed point. A reference profile is also shown with fos = 1655, 0s =4gL"'h™!, and X =20gL"!. The
reference profile exceeded the considered substrate limit.

3.3 Maintaining dissolved oxygen concentration above limitation

Similarly to the previous Section 3.2, one could ask in a fed-batch process design context, what is the
minimum required oxygen transfer rate coefficient k a or oxygen gas partial pressure po, for preventing
oxygen limitation at the feed point’s vicinity. The procedure for finding such oxygen transfer rate coefficients
or oxygen gas partial pressures is:

1. Define the minimum limit for dissolved oxygen concentration.
2. Calculate the substrate’s mean concentration (S) (Eqn 6), substrate modulus M (Eqn 5), and maximum
concentration at feed point Sy, (Eqn 10).
3. Calculate oxygen consumption rate by using a kinetic model.
« If no kinetic model is available, use a zeroth-order approximation?>, where the substrate feed rate
Qs is directly converted to a reactor-level volumetric oxygen consumption rate (gL~"h™") and
weighted spatially by the substrate’s axial profile S/(S) for local estimation.
4. Either:
(a) Calculate the oxygen transfer rate coefficient kp a using Eqn 13.
(b) Calculate the oxygen gas partial pressure po, using Eqns 14 and 15.

This procedure is demonstrated with the case example using both a constant Qs = 4 g L~! and an exponential
feed rate (Eqn 9). Both feed scenarios were considered with fg5 = 165 s mixing time. A dissolved oxygen limit
of 0.1 mgL~" at the feed point (xo = 1) was chosen, which equaled the kinetic model’s?® affinity constant for
oxygen.

With the exponential feed the substrate’s mean concentration was (S) = 24.0 mg L™, but the substrate modulus
M ranged from 2.24 at 4gL~" biomass to 7.08 at 40gL"!. Correspondingly the substrate’s maximum
concentration Sy, ranged from 54.9mgL~! to 170 mgL~!, resulting in specific oxygen consumption rates
go of 0.230gg™'h™! t0 0.323gg~'h~! at the feed point. With the constant Qs = 4gL~'h™! feed the
substrate’s mean concentration was between 6.9 mg L ™! and 107 mgL~!, the substrate modulus between 2.13
and 8.40, and the substrate’s maximum concentration between 58.4 mgL~! and 236 mgL~!. The specific
oxygen consumption rate was between 0.222 gg~' h™! and 0.306 mg L~!. With exponential feed the highest



specific oxygen consumption occurred at 40 gL', where the substrate feed rate and maximum substrate
concentration were also highest (9.8 gL"'h~!). In contrast, with constant 4 gL "' h~! feed the 40 gL~}
biomass had the lowest g¢.

Using these values, the required oxygen transfer rate coefficients shown in Figure 4 were calculated with
kpa = —————— (13)
L

which was derived from the oxygen’s local steady-state balance Eqn 7. With the constant 4 g L~ h™! feed the
oxygen transfer rate coefficient ka required to avoid limitations was between 170 h™! and 495 h~!. With
the exponential feed 51.3 h™! to 721 h™! transfer rate coefficients were required. The reference cultivation’s
kra = 180 h™! was sufficient with 10 g L~! biomass with constant feed or approximately 12 gL~ biomass
with exponential feed. As an alternative, the required oxygen gas concentrations to avoid limitation with
kra =180 h~! were calculated with

1 C]OX
Og=—|0OL+—], 14
o= (our 23]
which also resulted directly from the dissolved oxygen’s balance Eqn 7. The gas concentrations were
transformed to corresponding partial pressures (Figure 5) with the ideal gas equation:

~RT’
With the constant feed, oxygen gas partial pressures of 499 mbar to 1440 mbar were required, which was mostly
above the 525 mbar level in the reference cultivation®. With the exponential feed, 152 mbar to 2090 mbar

partial pressures were required. Similarly to Section 3.2, one could also define the highest allowed mixing
time or feed rate given an oxygen transfer rate coefficient and oxygen gas partial pressure.

Pog (15)

Figure 6 shows axial profiles of dissolved oxygen with the optimized oxygen transfer rate coefficients and
oxygen gas partial pressures that satisfy the 0.1 mgL~! dissolved oxygen concentration limit at the feed
point. A profile matching the reference cultivation® with k;a = 180 h™! and DPog = 525 mbar is also shown.
Approximately 20 % of the reference profile was below the 0.1 mg L™! limit.

4 Discussion

Section 4.1 discusses the effect of the assumptions and simplifications on the results. Practical consequences
of the modeling results are treated in Section 4.2. Section 4.3 concludes by reflecting the results with the
study’s goals.

4.1 Effect of assumptions

All the above analyses assumed that the substrate’s mean concentration (S) can be determined accurately by
applying a steady-state assumption directly to the kinetic model where the substrate consumption rate was of
the Monod-form?. The simple and straightforward approach has two concerns:

(1) Assumption of homogeneous substrate concentration in the kinetic equations. For consistency, the substrate
feed rate should match a spatially averaged substrate consumption rate

1
0s = X /0 gs(S() dv.  (16)



where the axially variable substrate concentration obeys Eqn 3. However, the local substrate concentration
S depends on the mean concentration (S) in Eqn 3. The substrate’s axial profile, the mean, and thus the
modulus are interdependent. The coupled quantities can be resolved by iterating e.g. the mean concentration
until Eqn 16 holds (Supporting information). This is a source for potential error in the shown calculations:
in the reference state X = ZOgL_l, Os = 4gL_1 h_], and t95 = 1655, the mean (S) was 19.6 mg L!
with homogeneity assumption but 28.9 mgL~! (48 % higher) with the heterogeneity correction (Eqn 16).
Similarly, the highest allowed acetate and substrate concentrations were connected with the kinetic model
using homogeneous concentration profiles for the sake of demonstration, and accounting for heterogeneity at
the level of the kinetic model requires iteration of integral equations similar to Eqn 16.

(2) Steady-state violation. Especially with relatively low biomass concentrations, the time derivative of the
mean concentration is not necessarily zero. Here, the steady-state assumption led to negative substrate mean
concentrations (S) with the constant 4 g L.~! h™! feed at biomass concentrations of 6 g L~! and below, which
implies that accumulation of substrate should have occurred and that the overall volumetric reaction rate in
the modulus should have been lower than the substrate feed rate. Also, with high feed rates the dilution term
might reduce the mean concentration’s value. If required, it is relatively straightforward to apply a transient
balance equation with or without dilution to substrate:

% =—{(gs)X-D(S)+Q0s.  (17)

The transient balance can be used with either a homogeneous or heterogeneous substrate concentration such

that either (gs) = gs ((S)) or {gs) = /01 gs (x) dx: the specific substrate uptake rate g5 depends on the local
substrate concentration S, which can be calculated directly from the prevailing mean concentration (S) (Eqn
3). The direct gs = gs (S (x)) calculation does assume a local steady-state, though.

4.2 Practical consequences

With the exponential feed only a f95 = 23.3 s (14.1 % mixing time of the original 165 s) would have been
allowed at X = 40 gL~! biomass concentration. The well-established connection between mixing times and
specific stirrer power input,?’3%%0 195 ~ €~1/3, implies that this would require a 357-fold stirrer power input
(463 Wkg™"), which is entirely unrealistic. With a constant feed the maximum allowed mixing time was
206 s with 40 gL', which would have allowed a 20 % reduction in the mixing time, corresponding to using
half of the original 1.3 W kg~! stirrer power input. Most of the process time is usually not spent on maximal
biomass concentration, though, but the mixing times required for staying within the substrate concentration
limit were not feasible for most of the considered biomass concentration interval. This implies that either the
acetate and thus substrate concentration limits should be relaxed in the example case or another approach be
implemented that is not based on increasing stirrer power. According to previous simulations, such mixing
time improvements could be feasible with multi-point feeds*®, also enabling higher productivities through the
use of higher feed rates. Using a middle feed xo = 0.5 instead of a top feed would also divide the mixing time
by four?*37 and the substrate modulus by two (Eqn 5), relaxing the requirements.

Similarly to the mixing times necessary to avoid excessive substrate concentrations at the feed point, kra
values of up to 720 h~!—untypical under the studied large-scale conditions—would have been required
to avoid oxygen limitations. According to a previous review*! covering reactor sizes up to 2.6 m>, the
oxygen transfer rate coefficient scales with specific power input by kpa ~ €** to kpa ~ €'"!. A more
recent mechanistic scale-up correlation*? suggests an approximately ky.a ~ € scaling. These suggest, that
avoiding oxygen limitation by increasing the transfer rate coefficient from the reported® 180 h™! up to 721 h



calculated here would require an up to 32-fold power input, which is not feasible at an industrial scale. As
with the mixing time, either the chosen dissolved oxygen limits need to be relaxed or another approach be
chosen. Alternatively, increasing the pressure scales linearly with the required compressor power. Therefore,
increasing the oxygen gas partial pressure from the reference 525 mbar up to the 2090 mbar calculated here
would require a 2090/525 ~ 4-fold compressor power input. In the context of the reference cultivation,
this would correspond to increasing the head-space pressure to approximately 5 bar. In terms of operating
expenses, increasing the oxygen partial pressure scales thus more favourably than increasing the stirrer power
input for a higher transfer rate coefficient. Their differing effects on capital expenses need to be remembered,
of course, but accounting for them is not attempted here.

4.3 Conclusion and future outlook

Earlier studies have demonstrated how the presented diffusion equation modeling can be applied to analyze
profiles of substrate, oxygen, carbon dioxide, temperature, and pH in large-scale fed-batch bioprocesses?#?33,
Numerical simulations with computational fluid dynamics or compartment modeling approaches require
initialization of the values to be calculated, and typically a homogeneous initial distribution is chosen!8:!?
for simplicity. The simple diffusion equation based analyses demonstrated earlier and also partly here
(Figures 3 and 6) could be used to improve the convergence of simulations by providing a heterogeneous
initial estimate. Likewise, directly computed operating conditions satisfying a predefined constraint, e.g.
the avoidance of acetate accumulation as demonstrated here (Section 3.2), could be used as the operating
parameters for numerical simulations. In the context of scale-down reactor design, the simple diffusion
equation based modeling could provide a quick and computationally low-cost estimate of the conditions that
the microorganisms are expected to face in large-scale reactors.

The current work focused on expanding the model’s use to answering practical design questions related to
bioprocess scale-up, optimization, and intensification. Determination of highest mixing times, substrate
feed rates, and exponential feed rates that avoid acetate accumulation beyond a limit according to a kinetic
model was illustrated. Likewise, the model was applied here to define oxygen transfer rate coefficients and
oxygen gas partial pressures required to avoid oxygen limitation at the feed point’s vicinity. The model and
the applied design perspective identified that unrealistically low mixing times and high oxygen transfer rates
would be required to avoid acetate accumulation and oxygen limitation in the referenced® large-scale fed-batch.
Relocating the feed point or using multiple feed points and increasing the overall pressure seemed more
favourable approaches. In conclusion, it is possible to use the model to directly deduce operating conditions
using the desired end result as the starting point as suggested previously??. Operating procedures for the
shown analyses were provided to facilitate model application.

Unlike compartment models, the diffusion equation based model is simple enough to be implemented in a
spreadsheet (Supporting information). On the downside, many simplifications are required, but this is usually
acceptable when the purpose of the modeling is to aid preliminary design. Potential future improvements
for the diffusion equation based model include (1) using it also to answer design questions related to
CO,, temperature, and pH levels, (2) studying its application for assessing the cellular lifelines, which has
proved essential for scaling down a large-scale bioprocess'®1%?2, (3) studying the coupling between cellular
maintenance rate and substrate heterogeneity*?, and (4) the refinement of the dispersion coefficient or mixing
time prediction methodology to enhance the model’s applicability in scenarios lacking experimental mixing
data, (5) studying the model’s applicability in describing pneumatically agitated large-scale bioreactors.
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Supporting information

Supplementary file: An xIsx-example for Sections 3.2 and 4.1.
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Figure 1: Figure 1: Highest allowed 95 % mixing times that maintain glucose concentration below the
68.9mg L~ limit in the reactor. A 165 s mixing time was reported!” for the reference cultivation®. Constant

Qs =4gL "'h™!, exponential Qg = (0,245gg—1 h—l) X
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Figure 2: Figure 2: Highest allowed (A) constant glucose feed rates (B) and exponential feed rates that maintain
glucose concentration below 68.9mgL~! in the reactor with f9s = 165s. An approximately 4 gL' h™!
substrate feed rate was used in the reference cultivation®.
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Figure 3: Figure 3: Substrate profiles with optimized mixing time and feed rate. The estimate for the reference
cultivation® has 795 = 165s and Qs = 4 gL~"'h™!. Each profile has X =20gL"".
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Figure 4: Figure 4: Required oxygen transfer rate coefficients that avoid oxygen limitation at the feed
point with a 165 s mixing time and a 525 mbar oxygen gas partial pressure. The reference cultivation® had

kpa =180 h™!'. Constant Qg =4 gL' h~!, exponential Q5 = (0.245 gg! hfl) X.
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Figure 5: Figure 5: Required oxygen gas partial pressures that avoid oxygen limitation at the feed point with a
165 s mixing time and 180 h™! oxygen transfer rate coefficient. The reference cultivation was estimated to

have po; = 525 mbar. Constant Qg = 4gL~"'h7!, exponential Qg = (0.245 gg! h‘l) X.
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Figure 6: Figure 6: Dissolved oxygen profiles with optimized oxygen transfer rate coefficient and oxygen gas
partial pressure. The estimate for the reference cultivation® has kpa = 180 h™! and Pog = 525 mbar. Each
profile has X =20gL~!, Os =4gL~"'h™!, and 195 = 1655.
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