CREATING ROBUST
BIOPROCESSING SCALE-DOWN MODELS
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Process development in biomanufacturing is costly and time consuming.

A CASE STUDY: controlling material composition in bioplastic production

Bioreactor scale-down models are an approach to enable process development to be
conducted across multiple conditions at a practical and economical scale.

SCALE-DOWN PROBLEMS: a lack of reproducibility

Small-scale vessels are used for experimentation as they are amenable to automation and
permit high-throughput experimentation, but they typically have alternative geometries to
the large-scale vessels used for manufacture.
Different vessel geometries result in different fluid behaviour. Critically to bioprocessing,
these changes result in altered mixing and gas transfer properties which affects the response
of the biology in the reactor. Whilst it is intuitive to appreciate these changes; it is often
difficult to predict.
Consequently the use of scale-down models as accurate, robust, reproducible process
development tools can be very challenging.

In this paper we describe how the Bioinnovation team at Cambridge Consultants
takes a systematic, robust approach to solve accuracy and reproducibility
issues within scale-down models.

A SYSTEMATIC ROBUST APPROACH
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A CASE STUDY:
controlling material composition
in bioplastic production
Bioplastic is an umbrella term for plastics produced using non-petroleum feedstocks or that
are themselves biodegradable. Polyhydroxyalkanoate (PHA) is a type of bioplastic that is
both bio-derived and biodegradable.
Hundreds of different PHA structures have been identified and produced. These provide
a wide choice of chemical and physical properties which can find application in various
industry sectors such as medical, automotive, and consumer goods.
PHAs are produced naturally by a wide variety of microorganisms. However, using genetic
engineering and synthetic biology tools, it is possible to engineer commonly used industrial
microorganisms to produce specific PHAs with controllable composition and properties.
The bioproduction of PHA to a defined specification illustrates the challenges faced when
developing a bioprocess for large scale manufacturing.

How can we identify and optimize the best combination of genetic and
environmental factors quickly and at acceptable cost?

SCALE-DOWN PROBLEMS:
a lack of reproducibility
Our starting point was to engineer a conventional microbial strain, Escherichia coli, to
produce PHAs by fermentation.
While it was straightforward to successfully demonstrate co-production of two common
PHAs – poly-3-hydroxubutyrate (PHB) and poly-3-hydroxybutyrate-co-3-hydroxyvalerate
(PHBV) – tuning the exact composition ratio required a systematic and robust approach. It
is not obvious how specific growth or feed conditions impact composition.
Using Design of Experiments (DoE) methods, we developed a strategy to control PHA
composition by tuning the growth media composition. We were able to predict and produce
different quantities of PHA, and we could predict different ratios of PHB and PHBV.
However, we wanted to explore much larger design spaces, incorporating both growth medium
composition and genetic factors. This led to an greatly increased number of experiments: to
perform these we were forced to move to a range of different small-scale microplate format
bioreactors. When assessing reproducibility of the DoE across different scales, we found a
break point: our ability to predict composition failed.

How could we understand this failure and find a way to use the small-scale
experimentation to predict the large-scale system?

A SYSTEMATIC
ROBUST APPROACH

Literature review

Model development
and validation

Predictive tool to define
experimental conditions

We hypothesised our failure to reproduce results at small and large scales was due to
different fluid dynamics affecting oxygen transfer rates and culture mixing.
Simple intuitive understanding suggests the scale and geometry of a reaction might change
the oxygen transfer rate (OTR) in a vessel. Growth and metabolic performance of an
organism is affected by the availability of oxygen. Thus we postulated that the unpredictable
change in PHA composition in our scaled-down experiments was a function of a change in
OTR. However, this insight doesn’t explain how the unpredictability might be addressed.
To address this problem, we built a mathematical model using fluid mechanics to predict
the OTR for a given geometry. The model was developed in a structured way based on
detailed modelling of surface response, mass transfer coefficient and mixing. Each part of
the model was validated to confirm its performance. The model was then presented in an
easy-to-use format to allow it to be used routinely in the lab while designing experiments.

Developing this model required careful interdisciplinary working between
biologists, engineers and fluid mechanics experts.
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To tackle this problem we first drew insight from a range of published academic studies.
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Our literature study highlighted several parameters and issues which would be key to the
successful development of a predictive OTR tool. These were:
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■ Fluid surface response and geometry when shaken – orbiting wells result in a parabolic
surface response and the surface area is critical for gas transfer
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Defining surface response: the parameters to define a Erlenmeyer flask and the induced liquid
surface parabola while orbiting (from Buchs, J., Maier, U., Lotter, S., & Peter, C. (2007).
Calculating liquid distribution in shake flasks on rotary shakers at waterlike viscosities.
Biochemical Engineering, 200-208).
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Calculation of oxygen transfer rate using Higbie’s penetration theory. Note the specific
interfacial area term, a, defined by interface surface area, A and the time term, t, in the
calculation of mass transport coefficient kL.

■ Higbie’s penetration theory is common for the prediction of mass transfer coefficient at
a gas-liquid interface – though full resolution of this method is not trivial due to a time
variable that is hard to define
■ Bulk mixing plays a significant role in ensuring oxygen rich regions are translated through
the liquid, while also guiding particle sedimentation

We’ll now examine how we developed mathematical models for each of these
parameters and combined them into an easy-to-use tool for the lab.

FLUID SURFACE
RESPONSE MODEL
Parabola definition

Well location

Parabola section

Volume correction

A full, 360° parabola
is generated. The
parabola contour is
defined based on
orbit speed

The well under
investigation is then
placed in its desired
location at the orbit
diameter

The section of the
parabola which
exists within the well
is captured

The volume under the
sectioned parabola
is calculated and
corrected to match
the sample volume.

Accurate recreation of the fluid surface response is critical to the prediction of oxygen
transfer rate. It is required to define the interface area generated by the orbiting system, a
key input to Higbie’s model.
We developed a full 3D reconstruction of the orbiting liquid; capable of defining the
response in both circular and square wells (with the capability to extend to other geometries
if necessary).
Our novel surface reconstruction method employs a numerical integration scheme, allowing
us to analyse the fluid distribution in a number of well geometries, over a range of orbiting
conditions.
The four steps in the generation of a volume corrected surface response are:
■ Generate a full, 360°, surface parabola based on desired orbit parameters
■ Define the well location for the desired vessel geometry
■ Generate the section of the parabola that exists within that well
■ Correct the volume by scaling the height of the parabola to match the desired test volume

Quantitative validation of surface area model
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■ Qualitative validation: This was conducted using two methods:
– 3D qualitative validation: The developed tool is capable of generating animations of the
surface response through a full 360° rotation of the well. Comparing this surface with
high speed images of orbiting wells (captured in house) allowed for initial qualitative
validation.
– 2D qualitative validation: by overlaying the predicted parabola contour on stills of the
high speed videos a clear comparison can be made.
The mathematically generated contour compared well with high speed video and images.
Furthermore, the fluid surface area response prediction aligns with experimental data with
only small deviations.

This gave us confidence the model was predicting surface area well.

†

Zhu, L., Song, B., Wang, Z., Monteil, D., Shen, X., Hacker, D., . . . Wurn, F. (2017). Studies on Fluid Dynamics of the Flow Field and Gas Transfer in Orbitally Shaken Tubes. Biotechnol. Prog., 192-200.

Figure 1: Comparison at a range of RPMs – Theory vs Literature

Qualitative validation of surface area model (2D)
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■ Quantitative validation: We compared the specific interface area prediction generated
from our tool, against experimental values presented in literature.
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Height from the lowest point of parabola in the well [mm]

Assessment of the validity of our surface response prediction was conducted via quantitative
and qualitative methods.
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Figure 2: Comparison of liquid interface shape – model prediction vs experimental (high speed camera images)
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MASS TRANSFER
COEFFICIENT MODEL
Implementation of Higbie’s penetration theory requires the definition of a time variable, a
parameter used to characterise the surface renewal rate and thus define the mass transfer
coefficient, kL. This is difficult to define theoretically.

1.2

Because of this, a semi-empirical method was developed. The method takes guidance from
mass transfer coefficient values presented in the literature for similar systems and relates
them to orbit speed.
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The developed method was validated quantitatively. There was strong corroboration with
data captured experimentally and this aligned with data presented in the literature.

This gave us further confidence the mass transfer coefficient was also being
predicted well.
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Figure 3: KL comparison at a range of RPMs – Theory vs Literature

Bespoke 3D printed test vessel for high speed video imaging

INCORPORATING MIXING
While Higbie’s model informs gas transfer into the liquid surface, it does not take into
account subsequent mixing of the bulk liquid.
To better understand mixing we performed a series of experiments. The use of high speed
video and a dye placed in the base of a well allowed the examination of how the dye
convects around the liquid during mixing at different speeds and orbits. Experimental
analysis showed that bulk mixing was poor in circular wells and, above a certain frequency,
good in square wells.
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We found that the rotational frequency at which bulk mixing was observed correlated well with
a Mixing Metric (Mx), a novel function we have developed approximating Reynolds number,
based on well geometry. An Mx value of 10,000 or greater indicates good mixing. This
finding extended our confidence that an oxygen rich surface layer would convect effectively
through the well.
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The Mx value is used in the model to check the selected rotational frequency and orbit
parameters and confirm if good mixing will be achieved, as well as acceptable OTR.
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This final step gave us confidence our model took into account both OTR at the
surface and subsequent mixing into the bulk liquid.
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Figure 4: Comparison of Mx change over increasing RPM for 48 and 96 well, round and square MTPS
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BUILDING A
USEABLE LAB TOOL
The findings from the study were compiled into a single, easy to use, tool. The tool was built
in Microsoft™ Excel™ as this provides a well-known platform and interface for non-experts
to use confidently.
The tool is fully dynamic. The user can set all input parameters such as vessel type,
shaker orbit and fluid properties. The model performs the analysis in seconds and provides
predictions of the specific interfacial area, mass transfer coefficient, oxygen transfer rate,
mixing and the surface response. It also shows an animation of the liquid in the well to give
the user a qualitative understanding of the fluid dynamics expected.
The user can compare these predictions to a database of existing labware and confirm if
their chosen small-scale experimental set-up aligns with large-scale dynamics.

This tool allows our scientists to develop robust experimental programmes with
the confidence their results at small-scale will be valid for larger scales.

TESTING THE MODEL:
scale down reproducibility
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Figure 5: Cell mass formation comparison across culturing conditions at different scales

We used the model to calculate conditions so that the oxygen transfer rate would match
across scales and thus give reproducible culturing conditions.
The model suggested that we shake a smaller volume faster than initially used in our
microplate bioreactors experiments when we first saw the problem of poor reproducibility.
Though this is an intuitive result it was not possible a priori to know these values without
calculation.
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As a final test, we used our model to predict how conditions at shake flask scale could be
reproduced in 12-well and 48-well plate scale format. To do this, we returned to our PHA
production experiments: at different scales how reproducible is the cell mass and quantity
of PHA?
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We experimentally verified that the new conditions at small-scale did match the performance
initially observed at larger scale.
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This demonstrates the real-world value of the model to justify high-throughput
small-scale experiments knowing the results are valid at larger scales.
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Figure 6: Quantity of PHA comparison across culturing conditions at different scales
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Cambridge Consultants’ Bioinnovation team specialises in solving difficult problems at the
intersection of biology, engineering and computation.
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This paper shows how we combined our technical skills to create an elegant tool that solves
a real-world technical and business problem in bioprocess development.
We work with clients all round the world to deliver business impact by applying bioscience
and technology.

Please talk to us to learn more about how we can help with your bioprocessing
challenges – no matter what the scale.
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