<]
TUDelft

Delft University of Technology

Comparing in silico flowsheet optimization strategies in biopharmaceutical downstream
processes

Keulen, Daphne; Apostolidi, Myrto; Geldhof, Geoffroy; Le Bussy, Olivier; Pabst, Martin; Ottens, Marcel

DOI
10.1002/btpr.3514

Publication date
2025

Document Version
Final published version

Published in
Biotechnology Progress

Citation (APA)

Keulen, D., Apostolidi, M., Geldhof, G., Le Bussy, O., Pabst, M., & Ottens, M. (2025). Comparing in silico
flowsheet optimization strategies in biopharmaceutical downstream processes. Biotechnology Progress,
41(2), Article e3514. https://doi.org/10.1002/btpr.3514

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1002/btpr.3514
https://doi.org/10.1002/btpr.3514

Received: 20 May 2024

Revised: 25 August 2024

W) Check for updates

Accepted: 2 October 2024

DOI: 10.1002/btpr.3514

RESEARCH ARTICLE

BIOTECHNOLOGY
PROGRESS

Bioseparations and Downstream Processing

Comparing in silico flowsheet optimization strategies in
biopharmaceutical downstream processes

Daphne Keulen? |
Martin Pabst® |

1Department of Biotechnology,
Delft University of Technology, Delft,
The Netherlands

2GSK, Technical Research & Development,
Rixensart, Belgium

Correspondence

Marcel Ottens, Department of Biotechnology,
Delft University of Technology, Van der
Maasweg 9, 2629 HZ Delft, the Netherlands.
Email: m.ottens@tudelft.nl

Present address
Myrto Apostolidi, Heineken, Leiden,
The Netherlands.

Funding information
GlaxoSmithKline Biologicals SA

1 | INTRODUCTION
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Abstract

The challenging task of designing biopharmaceutical downstream processes is initially
to select the type of unit operations, followed by optimizing their operating condi-
tions. For complex flowsheet optimizations, the strategy becomes crucial in terms of
duration and outcome. In this study, we compared three optimization strategies,
namely, simultaneous, top-to-bottom, and superstructure decomposition. Moreover,
all strategies were evaluated by either using chromatographic Mechanistic Models
(MMs) or Artificial Neural Networks (ANNs). An overall evaluation of 39 flowsheets
was performed, including a buffer-exchange step between the chromatography oper-
ations. All strategies identified orthogonal structures to be optimal, and the weighted
overall performance values were generally consistent between the MMs and ANNs.
In terms of time-efficiency, the decomposition method with MMs stands out when
utilizing multiple cores on a multiprocessing system for simulations. This study
analyses the influence of different optimization strategies on flowsheet optimization

and advices on suitable strategies and modeling techniques for specific scenarios.

KEYWORDS
artificial neural networks, chromatography, filtration, mechanistic modeling, superstructure-
based optimization

determine the overall process performance. Therefore, developing a

purification process is a challenging task, involving many variables,

Downstream processing is of major importance for delivering the
required quality and quantity of a biopharmaceutical product, which
has to meet the strict standards by regulatory authorities.* The down-
stream process is a substantial expense of the overall manufacturing
costs, therefore, an efficient and cost-effective process is crucial. One
of the major, most costly, and essential purification techniques is
chromatography, which is capable to achieve very high product
purities.? Eventually, the combination of purification steps will

such as type and sequential order of purification techniques, operating
conditions, and costs.>* A comprehensive overview of the different
strategies in downstream process development together with the lat-
est breakthroughs was given recently by Keulen, et al.® Finding an
optimal purification process at an early stage of the process design
are desirable in terms of costs, quality, and development time. Flow-
sheet optimization evaluates all process possibilities in silico, which
can support the decision-making for an early process design. For many
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KEULEN ET AL

years, flowsheet optimization has been applied to design chemical
processes, therefore, it is well-known in the field of process systems
engineering.®”

Around the 1970s, the first articles were published about process
design synthesis.®? Siirola, et al.® developed a general computer-aided
process synthesizer that was able to select process equipment and the
system configurations. Umeda, et al.” presented an integrated optimiza-
tion approach to optimize two alternative routes for a distillation system.
Over the past five decades, the field of superstructure-based optimiza-
tions has evolved greatly, along with the intensified computing
possibilities.'° Mencarelli, et al.® provides an adequate overview of
superstructure-based optimization history, superstructure representation
types, and modeling strategies. Most superstructure-based optimizations
applied in chemical engineering are related to reactor networks,*! distilla-
tion processes,*? and heat exchangers.?® Several programs are available
to perform a chemical superstructure-based optimization, for example,
P-graph,** Pyosyn,*® and Super-O.1° As most of these chemical process
simulations are based on first-principle models this can be computation-
ally time-consuming, therefore the interest in employing surrogate
models for optimization purposes increased. In 1998, Altissimi, et al.X”
already showed the value of replacing a first-principle model with a sur-
rogate model for optimization purposes. Afterwards, more research fol-
lowed on using surrogate or meta-models for superstructure or complex
optimization purposes.*®-22

Despite the biopharmaceutical industry only emerged about
40 years ago, this industry is advancing rapidly and shifting toward
Industry 4.0.2%°2% Industry 4.0 desires to entirely digitalize the
manufacturing process, aiming to implement and combine model-
based process development techniques with efficiently stored moni-
tored data. Hence, realizing the utilization of Digital Twins, which are
digital models of the real process and enable to directly control the
real process.?®?” In this way, more knowledge can be acquired about
the processes, which is in compliance with the Quality by Design
guidelines.?®2% A general biopharmaceutical process consists of an
upstream and downstream part, in which the downstream part
focuses on the purification of the biopharmaceutical. The purification
steps can be subdivided into capture, intermediate, and polishing
steps as shown in Figure 1. The main purpose of the capture and
intermediate steps is to concentrate, isolate, and stabilize the product,
and remove the majority of the impurities. While the subsequent pol-
ishing steps target high purity values.?

Chromatographic MMs have been around for several years, and
industry is gradually adopting these methods.*®3? Lately, advances
have been made to faster and more efficiently determine the adsorp-
tion isotherms, which are needed as input parameters for the mecha-
nistic model.*273* Likewise, several research has been published to
determine adsorption isotherms for complex mixtures.®>=3” And more
recently, Disela, et al.>® characterized the host cell proteome of two
universal E. coli strains based on mass spectrometry data, which
approach can be used for initial decision-making on process develop-
ment. Not only the techniques and methods to determine the adsorp-
tion isotherm are making progress, also the MMs are advancing in

|39

terms of speed and accuracy. Meyer, et al.”” applied a computational

more efficient method for the spatial discretization and obtained a
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FIGURE 1 Simplified schematic overview of the chromatography
steps in a biopharmaceutical downstream process, the sequence can
also have less or more chromatography operations depending on the
process. The capture step aims to concentrate, isolate, and stabilize
the product, together with the intermediate step, their target is to

remove the bulk impurities. The main purpose of the polishing step is
to attain high product purities.

speed-improvement of at least 20 times, for higher precision it even
improves over 100 times compared to the open-software CADET.*°
Their chromatography model was recently extended by Breuer,

et al,*

which applied a similar method to the particle mass balance.
Rao, et al.*? developed a 3-D model to simulate the chromatography
process with very high precision to acquire knowledge about the com-
plex transport mechanism. Moreover, hybrid modeling, using artificial
intelligence (Al) in combination with mechanistic modeling, can over-
come certain limitations of both modeling techniques.*>** Narayanan,

et al*®

employed artificial neural networks (ANNs) for fitting the
solid-phase mass balance, which reduced the model complexity, and
an improved accuracy compared to the conventional mechanistic
model was observed. Accordingly, this progress in experimentally
determining model-parameters, improving the MMs, and making use
of hybrid modeling, is advantageous for digitalization of the down-
stream process and likewise for optimization purposes.

As described previously, flowsheet optimization enables to screen
the overall design space and finding the optimal purification process at
an early development stage. Process systems engineering recognized
the added value of superstructure-based optimization for chemical pro-
cesses. Also for biochemical processes, it is essential to optimize the
integrated processing steps to discover the most optimal process glob-
ally.*¢ Liu and Papageorgiou®” developed a data-driven optimization
framework to find the best process according to economical and certain
performance objectives. However, the data for each optional proces-
sing steps is already provided and not generated internally. This type
of optimization is known as biopharmaceutical manufacturing
process optimization, usually based on mixed integer programming
techniques.**=>* Though, these optimizations do not use detailed
mechanistic modeling techniques, they are either data-driven or using
surrogate models to represent the unit operations. In the work of Nfor,
et al., a top-to-bottom optimization approach is performed that evalu-
ates the performance of each unit operation at each level and disre-
gards the least promising options. As the influence of sequential steps
is not incorporated in this approach, it might overlook the most
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promising sequence(s). Therefore, Huuk, et al.* performed an integrated
two-step ion-exchange chromatography optimization. Subsequently,
Pirrung, et al.>2 performed a flowsheet optimization having a maximum
of three chromatography steps (e.g., cation exchange, hydrophobic
interaction, and mixed-mode) including a buffer exchange if needed,
and simultaneously optimizing each flowsheet. In their work, ANNs
functioned as surrogate model for the MMs during the global optimiza-
tion to find starting conditions for the local optimization, and so reduc-
ing the overall optimization time. However, the ANNs were
infrequently able to find realistic results and for the subsequent local
optimization the MMs were used, which was the most time-consuming
part of the overall optimization.®?°2 In our previous work, we extended
this method by including the mass of each component as a variable and
using more data to increase the ANN accuracy.>* Subsequently, we
compared ANNSs, functioning as surrogate models, versus MMs for
flowsheet optimization to select the ‘most promising sequences’ during
the global optimization. Only the ‘most promising sequences’ were fur-
ther optimized through local optimization using MMs. The ANNs
selected three out of four best flowsheets and reduced the overall
computational time by 50%. However, for more complex flowsheet
optimizations (e.g., including more unit operations and/or larger
sequences) or when considering more components, not only the model-
ing technique (e.g., MMs or surrogate models) matters, but also the
optimization strategy might play a significant role in the overall flow-
sheet optimization. Hence, what optimization strategy is most useful in
terms of outcome, complexity, and time-efficiency?

In this article, we compared three different optimization strategies:
simultaneous optimization, top-to-bottom approach, and superstructure
decomposition, to evaluate which strategy would be most beneficial in

terms of outcome, complexity, and time-efficiency when performing a

A

Simultaneous

Decomposition

Top-to-bottom

Considered possibilities
within the design space

s

Number of unit operations
optimized simultaneously

FIGURE 2 \Visualization of the difference between the chosen
optimization strategies; top-to-bottom, superstructure decomposition,
and the simultaneous strategy. The x-axis shows the number of unit
operations being optimized simultaneously during flowsheet
optimization. While, the y-axis correspondingly shows that more
options in the design space are explored when the connection
between chromatography steps is also considered, which is not taken
into account for the top-to-bottom approach as it individually
optimizes each chromatography step.

complex flowsheet optimization. Simultaneous optimization involves opti-
mizing all parameters simultaneously, top-to-bottom approach optimizes
parameters sequentially from the initial to the final unit operation, and
decomposition of the superstructure involves breaking down the process
into smaller parts and optimizing each part separately. These strategies
were chosen based on the difference in number of unit operations being
optimized simultaneously and so the overall considered possibilities
within the design space as indicated in Figure 2. For example, the top-
to-bottom approach might overlook promising sequences, as it lacks a
focus on optimizing the connections between chromatography steps.
Additionally, for each optimization strategy the MMs and the ANNs are
employed to evaluate their performance on a more complex optimization.
In this complex flowsheet optimization, we included an optional buffer
exchange between the chromatography steps, described by a filtration

MM. This gives a total combination of 39 flowsheets to be evaluated.

2 | MATERIALS AND METHODS

21 | Flowsheet optimization workflow

First, the superstructure was generated considering a maximum of
three chromatography steps and a dilution or buffer exchange by Tan-
gential Flow Filtration (TFF) between the chromatography operations.
This gives a maximum sequence of five unit operations, and at least
one unit operation is needed for the purification. To generate this
superstructure, confirming the defined conditions, the mathematical

problem is formulated as.

y= [y11YZv'-'1YH} (1)
s.t.Zy 1 (2)
Foriisodd :
yi=123 (3)

Yi # Yiy2 forally; >0

Foriiseven:
_ (4)
yi=4,5
Fori=2,3,...n:
(5)

ify; >0, then y;_, >0,

where y is the process configuration, in which n, in this case n=35, is
the length of the vector. The variable y; € {0,1,2,3,4,5} represents
the value of the i element of vector y. The first statement, Equa-
tion 1, defines the set of all possible vectors y where each element is
an integer number between O and 5, which in this study represents
the considered unit operations: none, CEX, AEX, HIC, dilution, and fil-
tration, respectively. The second statement, Equation 2, guarantees
that the sequence includes at least one unit operation. The third and
fourth statements, Equation 3 and 4, specify that only at odd positions
in the sequence, a chromatography step is present, while for even
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FIGURE 3 Within the superstructure, as depicted in the upper right figure, each flowsheet is initially optimized globally to identify the most
optimal processes. F/D indicates the option to have either a filtration (F) or dilution step (D). Subsequently, these selected processes are
finetuned using a final local optimization step. For the global optimization, Framework A uses MMs and Framework B uses ANNs.

number positions, either a dilution or a filtration step is employed.
Furthermore, statement three ensures that each chromatography
mode appears only once in the sequence. The conditional constraint
in Equation 4 is applicable to all positions in the sequence, except the
first position. It enforces that any occupied position in the sequence
must be preceded by another occupied position. This guarantees that
there are no isolated modes in the sequence and requires all modes to
be connected.

The flowsheets consisting of a filtration operation to perform the
buffer exchange step are modeled as a nested optimization,®> which
means that the outer optimization involves matching the chromatog-
raphy steps with their respective variables, while the inner optimiza-
tion focuses on optimizing the filtration step. So, for each evaluation
of the outer optimization, the filtration step is always optimized inter-
nally. As the filtration model is less complex and described by ordinary
differential equations (ODEs) with respect to time, it has a signifi-
cantly shorter solving time compared to the chromatography model.
The same flowsheet optimization workflow, as presented in our previ-
ous article,®* was applied as shown in Figure 3. First, a global and
minor local optimization was performed according to certain
objective(s) and constraint(s), these are described in 2.5. Case study.
For this part, either MMs or ANNs were used for the chromatography
steps. After this global and minor local optimization, the most
promising sequences were selected based on the weighted overall
performance (WOP), which is described as follows:

WOP = 0.5« purity + 0.3 xyield + 0.2 « ( 100 — buffer consumption ),
(6)

where the calculation of purity (%) involves dividing the product
amount by the total amount of proteins present in the product-pool.
The yield (%) is determined by the total amount of product recovered
divided by the loaded amount of product. The buffer consumption
typically ranges from 1 to 50 (L/gproduct). Subtracting this buffer con-
sumption from 100 aligns it with the purity and yield ranges, and
ensures that higher WOP values indicate less buffer consumption.
The selected processes were further locally optimized using the
simultaneous strategy with MMs, the outcome of preceding minor
local optimization was used as initial guess for the final local optimiza-
tion. This flowsheet optimization workflow was applied to all three
optimization strategies, the difference is the manner of solving the
superstructure. Each strategy was evaluated for using either the MMs
or ANNs for the global and minor local optimization. The strategies
(e.g., simultaneous optimization, top-to-bottom approach, and decom-

position of the superstructure) are separately described in the follow-

ing sections.
2.1.1 | Strategy I: Simultaneous flowsheet
optimization

The simultaneous flowsheet optimization is the same as applied in
Keulen, et al.>* In this strategy, all parameters are optimized simulta-
neously, which means that the total number of variables linearly
increases with the number of chromatography steps present in the
sequence, as shown in Figure 4. For example, if five optimization vari-

ables are considered and the sequence consists of two
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FIGURE 4 Schematic representation of each optimization strategy indicating with gray planes which unit operations are optimized
simultaneously during the optimization. F/D indicates the option to have either a filtration (F) or dilution step (D).

chromatography steps, 10 variables have to be optimized in total.
For three unit operations, this will lead to 15 variables to be optimized.

2.1.2 | Strategy ll: Top-to-bottom approach

The top-to-bottom approach, based on the work of Nfor, et al.,® eval-
uates the superstructure by each level, see Figure 4. The first level
optimizes the first unit operation individually. After optimizing the
first level, the initial constraint assesses whether the optimal process
has been achieved (e.g., purity >99% and yield >95%). The second
constraint assesses if the optimized unit operation satisfies the mini-
mal requirements (e.g., purity >20% and yield >40%) to continue to
the next level, otherwise the flowsheets, starting with this type of unit
operation, will be disregarded. All options present in the second level
are also optimized individually. Subsequently, the overall sequence of
two chromatography steps, including the dilution or the filtration
operation, are simulated. The outcome of these flowsheets is evalu-
ated by the previously described constraints, however, the second
constraint is only satisfied if the purity and yield are higher than 40%.
If the optimal process has not been identified yet, the optimization
will continue to the third level, which operates in the same manner as
the second level. If the optimal performance is not achieved after
three levels, the best out of all these evaluated flowsheets can still be
chosen, as all outcomes are stored. The constraints between the levels
can be easily adapted to a different number and/or different perfor-

mance measurements to be assessed.

2.1.3 | Strategy lll: Superstructure decomposition

In the previous study, we observed that approximately 60% of the
total optimization time, whether employing MMs or ANNs, was dedi-
cated to optimizing sequences of three unit operations.>* This aligns
with the fact that the maximum number of function evaluations
increases with the number of variables to be optimized.>® Accordingly,

the question raised; does the third unit operation have a significant

impact on the previous unit operations? Followed by, is it really neces-
sary to optimize the whole process simultaneously or can we decom-
pose the superstructure when optimizing larger sequences? In
chemical engineering, different formats of decomposing the super-
structure have been applied.>>”"? In this study, this strategy is a
combination of the simultaneous and top-to-bottom approach as
shown in Figure 4. The superstructure is ordered in such a way that
the sequences consisting of the same first three unit operations are
sequential in order of length. The sequence consisting of three unit
operations is optimized first, subsequently, the outcome of the third
unit operation (e.g., second chromatography step) is used as input for
the last chromatography step, which is optimized individually. After
individually optimizing the third chromatography step, the overall
sequence of five unit operations is simulated, similar to the workflow
of top-to-bottom approach. In this way, only a maximum of two
chromatography steps is optimized simultaneously, making the

overall optimization more time-efficient compared to simultaneous

optimization.
2.2 | Chromatography
2.2.1 | Mechanistic model

The same chromatographic MM from previous work was used in
Ref. [54]. The equilibrium transport dispersive model in combination
with the linear driving force described the dynamic adsorption behav-

ior during the chromatographic separation process as.

aC  _dq  IG I%Ci

Tt g g )
a2q; .
o —kovi( Ci=Clgy ), (®)
-1
d d?
Kovi = |2+ =2 . 9
ovd |:6kf!,‘ 60{:‘pr!;:| ( )
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TABLE 1  Overview of hyperparameters for each chromatography mode and the applied parameter space.
CEX AEX HIC
Hyperparameters
Batch size 512 512 512
Epochs 200 500 500
Number of hidden layers 2 2 2
Number of neurons 50 50 50
Learning rate 0.01 0.01 0.01
Parameter space
Gradient length (CV) 1-10 1-10 1-10
Loading factor (CV) 0.05-5 0.05-5 0.05-5
Mass (g) 2e-5-0.39 2e-5-0.39 2e-5-0.39
Loading (g/L CV) 4e-6-7.8 4e-6-7.8 4e-6-7.8
Initial salt concentration (mM) 1-200 1-200 350-500
Final salt concentration (mM) 100-1200 100-1200 5-200
Lower cut point (%) 1-80 1-80 1-80
Upper cut point (%) 20-99 20-99 20-99

where C; is the concentration in the liquid phase, g; the concentration

*
eq,i

in the solid phase, and C;_. is the liquid phase concentration in equilib-
rium with the solid phase. The phase ratio, F, is defined as
F=(1—ep)/en, where ¢, is the bed porosity. u represents the intersti-
tial velocity of the mobile phase and D, is the axial dispersion coeffi-
cient. Time and space are indicated by t and x respectively. ko is the
overall mass transfer coefficient defined as a summation of the
separate film mass transfer resistance and the mass transfer resistance
within the pores.®® Here, dp is the particle diameter, ¢, is the intrapar-
ticle porosity, and D, is the effective pore diffusivity coefficient. The
first term represents the film mass transfer resistance, ks = D¢Sh/dp, in
which Dy is the free diffusivity and Sh is the Sherwood number. More
information on the MM can be found in a previous study.®* Moreover,
we used the linear multicomponent mixed-mode isotherm, as formu-
lated by Nfor, et al.®? and described in Appendix A.

2.2.2 | Artificial neural networks

The ANNs were created as described previously.>® In this work, we
applied the same input variables (e.g.,, mass of each component,
amount of loading in column volume (CV), gradient length, initial and
final salt concentrations, and the lower and upper cut points in per-
centage of the peak maximum) and output variables (e.g., mass of each
component, volume, salt concentration and each cut point in CV, salt
concentration). The parameter space was based on prior-knowledge
of biopharmaceutical downstream processes.®® The data consisted of
10.000 sample points divided into 70% for training, 15% for valida-
tion, and 15% for testing. Based on previous work, the same hyper-
parameters were used as starting point for developing the ANNs. Out
of 10 trained, validated, and tested ANNSs, the best one was chosen

based on R? and root mean squared error (RMSE) values. An overview

of the final used hyperparameters and applied parameter space is

given in Table 1.

2.3 | Filtration mathematical model

An ultrafiltration/diafiltration (UF/DF) mathematical model was devel-
oped to describe the buffer exchange if a filtration step was used
between the chromatography steps. This model consists of first-order
differential equations involving the feed solution volume (V) and
added diluent volume (V,,) over time, and the solute concentrations
(G;) and the salt concentration (C;) over time.®* The system of mass
balances for which the proteins are completely retained by the mem-

brane is written as follows:

= (@ DIA (10)

%:aJA, (11)
%:%(m —a)JA, (12)
%75(65 —a)JA, (13)

where J is the permeate flux and A is the membrane area. ¢; and o
are the rejection coefficients, in this work all proteins were signifi-
cantly larger than the membrane pores, hence s; was equal to one.
While the salts could flow through and therefore o5 was equal to zero.
a is the ratio between the diluent flowrate (u) and the permeate flow-

rate and given as
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o=—. (14)

The operation was performed in an ultrafiltration with variable
volume diafiltration (UFVVD), therefore a can range between O and
1. A value close to zero indicates to operate in an UF mode, while
close to one DF occurs. The flux was defined by the osmotic pressure

model as.

J:APTM — Az

e (15)

where Am denotes the osmotic pressure difference and p is the solu-
tion viscosity. APry is the transmembrane pressure, which denotes
the pressure difference between both sides of the membranes and
acts as the driving force for the flux through the membrane. In the
osmotic pressure model, the solute wall concentration is considered
as a variable and increases usually over time, therefore the osmotic
pressure changes, which directly impacts the flux negatively over
time. The initial solute wall concentration, C;,o, is predicted by solv-

ing the following equation:

Ciwo APpm—Azm
kolh—"=———, 1
ol Cio #Rm (16)

where C;o represent the initial concentrations in solution and kg is the
initial mass transfer coefficient. The change of the wall concentration

over time was included in the mass balance systems as.®*

Gy, 2—In% g dc, a7
=% L at
dt &t imde,

where the change of osmotic pressure is found by differentiating
Equation 17 with respect to C;,. Similarly, differentiating the mass
transfer to C; gives dk/dc;. The mass transfer coefficient is viscosity

dependent and given as follows:®*

1

k=ko <i> N (18)

Ho

where u is the solution viscosity and g is the viscosity of the pure
solvent. In Appendix B, additional information is provided on the
transmembrane pressure, osmotic pressure, second virial coefficient
(By2), the mass transfer correlations, and determination of the initial
membrane resistance through a water flux wet experiment. Moreover,
the filtration model was validated for an UF/DF wet experiment using
a Bovine Serum Albumin (BSA) solution, more information can also be

found in Appendix B.

24 | Numerical methods

The same numerical methods as applied in previous work were used,

only minor adjustments were made.>* All codes are written in Python

(version 3.8.5). An overview of the Python libraries used is provided in
Appendix C. The computations were performed on a Dell Precision
5820 Tower XCTO having a 3.7G Intel Xeon processor of 3.7 GHz,
10C, and a 8GB Nvidia Quadro. Multiple cores were used to execute
the simulations most efficiently; however, the number of cores varied
depending on the simulation.

Dynamic chromatography column model.

The Method of Lines is applied for the spatial discretization, using
a fourth-order central difference scheme for both first and second-
order derivatives with respect to space, to transfer partial differential
equations into ODEs with respect to time. The LSODA (Livermore
Solver for Ordinary Differential Equations) algorithm from the scipy.
integrate package is used to solve the ODEs, this method automati-
cally switches between the nonstiff Adams method and the stiff BDF
method.®®

Optimization.

The scipy.optimize package was employed for the optimization,
whereas the differential_evolution algorithm was used for the global
optimization and Nelder-Mead algorithm for the local optimization.
For global optimization, the maximum number of iterations was 6 and
a population size of 5 for MMs, while for ANNs, the maximum number
of iterations was 8 with a population size of 8. Latin hypercube sam-
pling was used to initialize the population. The initial local optimiza-
tion had a maximum of 5 iterations. The relative and function
tolerances for both global and local optimizations were set to le-2.
The final local optimization allowed a maximum of 50 iterations. Lim-
ited ANN accuracy can lead to varied mass predictions and affect the
performance measurements. Over predicted masses were set to
the injected mass. The lower cut point ranged from 1% to 80% of the
peak maximum, while the upper cut point ranged from 20% to 99% of
the peak maximum. Initial salt concentrations were between 1 and
150 mM for CEX and AEX, 100-500 mM for HIC using MM, and
350-500 mM for HIC using ANN. Final salt concentrations were
between 160 and 1200 mM for CEX and AEX, 5-300 mM for HIC
using MM, and 5-200 mM for ANN. The gradient length varied from
1 to 10 CV. For optimizing the filtration operation, the Nelder-Mead
algorithm with standard settings was employed.

Artificial neural networks.

The Keras Module (version 2.10.0) of TensorFlow (version 2.10.1)
were used to create the ANNs, these are open-source libraries com-
patible with the Python programming language. The ANN structure,
optimized with a learning rate of 0.01 using keras.optimizers.Adam and
defined using keras.models.Model, employed data scaling via the
sklearn.preprocessing.MinMaxScaler module. The optimizer loss func-
tion used the ‘mean_squared_error’ metric. Randomized data was
generated by applying the Latin hypercube sampling method from the
pyDOE package.

25 | Case study

The case study focused on a monoclonal antibody product of interest

and referred to as protein 1, and eight impurities (referred to as
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Input parameters of each protein used for the flowsheet optimization, in which Kq is the equilibrium constant, v is the

stoichiometric coefficient of salt counter ions (characteristic charge), and n is the hydrophobic interaction stoichiometric coefficient. Protein
1 =monoclonal antibody, protein 2 = Moesin, protein 3 = Chitotriosidase, protein 4 = Legumain, protein 5 = Thioredoxin reductase, protein

6 = Bovine Serum Albumin, protein 7-9 = artificial proteins.

Protein 1 2
Initial concentration g/L 1.5 0.9
Molecular weight kDa 145.6 68
CEX Keq =) 85 500.8

v =) 2.6 25
AEX Keq =) 0.5 0.5

v ) 4.0 4.0
HIC Keq =) 9.3 1.6

n =) 9.3 1.6

proteins 2 to 9), using data from a prior study>® and additional artifi-
cial data as shown in Table 2. No data was available for BSA on HIC-
resin, based on performed column gradient experiments, we estimated
the isotherm parameters to be equal to protein 3 (Chitotriosidase), as
both proteins elute at the end of the gradient. More details can be
found in Appendix A, as well as details about the resin parameters.
The artificial data ensured at least three chromatography modes were
required to purify the product of interest. Accordingly, a comprehen-
sive comparison between the different optimization strategies could
be accomplished. The chromatography column size (20.1 mL) was set
in compliance to the size of the filtration unit operation. The linear
flowrate of the chromatography process was 150 cm/h and the load-
ing factor was 2.0 CV.

The validated filtration model for BSA was used to make valid
assumptions for the simulation of other proteins during the overall
flowsheet optimization. All proteins had similar or higher molecular
weights compared to BSA, therefore full retention by the membrane
was assumed for all proteins. The yield of the filtration operation was
set to 95% for compensation of the lost material by adding an addi-
tional unit operation. The same constants for determining the B,
value, as given in Appendix B, were assumed for the other proteins.
However, due to the low protein concentrations evaluated in this
case-study, the B,, has no significant influence on the DF operation.
Here, a DF mode (@ = 0.99) was employed to exchange buffers, for
example, adapt salt conditions, between the chromatography steps.
Therefore, only the time is a variable and the optimization problem

was formulated as.

minf(t) = ‘Cs,model(t) - Cs,desired| (19)

s.t.V(to) = Vo;Ci(to) = Ci0; Cs(to) = Cso, (20)
where t is the time variable to be optimized. Cmoger is the model-
predicted final salt concentration to be equalized to the desired final
salt concentration, Csgesired- The desired final salt concentration is in
this case the initial salt concentration of the next chromatography

operation.

3 4 5 6 7 8 9

0.8 1.2 1.2 0.8 0.3 0.9 14
515 56.2 54.5 56.2 70 60 90
604.2 0 8.5 8.5 8.5 15 8.5
2.6 0 2.6 2.6 3.0 25 3.0
0.9 3.9 3.9 3.9 0.5 0.5 25
17 2.9 29 29 4.0 4.0 3.0
104 9.3 1.6 104 3.0 9.3 9.3
104 9.3 1.6 104 3.0 9.3 9.3

For the flowsheet optimization, the global and local objective
were formulated as.

minf(x) = (100 —yield (x) ) +2 « ( 100 — purity (x)) + eluent consumption(x)

(21)
s.t.h(x)=0  (only applies to MM) (22)
Osx=<1, (23)

where f(x) is the objective function to be minimized, all variables (x)
were normalized between O and 1 for enhanced optimization pur-
poses (Equation 23). Additionally applicable when using MMs is to
satisfy the equality equations h(x), such as the mass balances and
equilibrium relations (Equation 22). The optimizing variables (x) for
the chromatography steps were: the gradient elution length, initial
and final salt concentrations, and the lower and upper cut points. The
performance measurements (e.g., yield, purity, buffer consumption)
were evaluated across the entire purification process, with purity
being assigned twice the weight due to its critical importance in bio-
pharmaceutical purifications. Minimizing buffer consumption indi-
rectly addresses the costs, batch throughput, and productivity
concerns. The cost of lost feed is related to yield. Finally, the selected
optimal flowsheets and their conditions from the global and minor
local optimization were used as input for the final local optimization.
For both the global and local optimizers the following require-

ments were applied:

o Evaluation of the subsequent unit operation is only performed if
the prior unit operation exceeds a yield of 5%, preventing solver
failure due to excessively low concentration values.

o |f the product pool's salt concentration is larger than the initial salt
concentration of the next unit operation, either a dilution or filtra-
tion step is performed, depending on the flowsheet being evaluated.

e |f the product pool's salt concentration is smaller than the initial
salt concentration of the next unit operation, a spiking dilution step

using a salt stock concentration of 5 M is performed.
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o When using ANNSs, the loading factor should be within the range

of 0.05 and 5 CV to ensure compatibility with the data range for

which the ANNs were developed. Otherwise, this option is indi-

cated with not-a-number (Nan).

3 | RESULTS & DISCUSSION

3.1 | Filtration model validation

The filtration model was validated for the UF/DF experiment of BSA
as shown in Figure 5. A good agreement between the experimental
protein concentration and the model was found, R? = 0.99 and a low
standard deviation of 0.03. Also the salt reduction over time is accu-
rately predicted, R2 = 0.97 and a standard deviation of 6.25. The
alpha parameter was fitted to be 0.405, instead of the initial deter-
mined 0.7, as the permeate flowrate appeared to be not entirely con-
stant throughout the process.

3.2 | Atrtificial neural networks

The quantitative evaluations showed that the desired values of
R? >0.90 and RMSE <0.04, based on previous research,”* were
reached for almost all ANNs (Table 3). Converting the normalized
RMSE values into absolute RMSE values gives an error value
between 9.3% and 14.1% for protein 1, and for the volume
between 3.6% and 11%. As justified in previous research, we
considered an error rate of 15% to be acceptable, and to confidently
identify the most optimal flowsheets while disregarding the
less promising ones during flowsheet optimization. The generated

data is focused around the product peak, resulting in some proteins

—— Experimental data

. Modelled data

1.50{ R?=0.99 I
std =0.03 .

1.25]

1.00

0.751

0.50

Protein concentration (kg/m?3)

0.251

0.00

0.0 2.5 5.0 7.5 10.0 125
Time (min)

FIGURE 5

that never elute or appear in the product pool. Therefore, training
accurate ANNs is challenging due to their consistently low output
values, inducing low R? values. Nevertheless, the absolute RMSE
values also remain low (<8-107°). Given our understanding that
these proteins will never be present in the product pool, we can
assume they would always be removed. The most challenging
proteins to remove are the ones eluting around the product peak,
and therefore these are considered as the critical proteins for that
chromatography mode. For AEX these are the proteins: 2, 3, 7, and
8, while for CEX these are the proteins: 5, 6, 7, 8, and 9, and for HIC
the proteins: 4, 8, and 9.

TABLE 3 Quantitative evaluation for all proteins and volume on
each chromatography mode. The RMSE is given as a normalized
number. The product pool volume and salt concentration are included
as these are needed for connecting the unit operations and calculating
certain performance measurements.

AEX CEX HIC

R? RMSE R? RMSE R? RMSE
Protein 1 099 0016 099  0.020 098 0.022
Protein 2 099 0020 -0.10 0028 0.00 0.005
Protein 3 094 0028 000 0052 -0.14 0.328
Protein4 —041 0018 061 0021 098 0.024
Protein5 —1.08 0014 099 0021 0.00 0010
Protein6 —1.11  0.006 099 0.023 003 0327
Protein 7 099 0.020 098 0.026 003 0.019
Protein 8 099 0017 093 0021 098  0.025
Protein 9 0.55 0.006 098 0024 097  0.029

Volume 0.93 0.052 0.94  0.042 0.89  0.035
Salt 098 0.018 0.98 0.02 0.97 0.022

1751 -~ Experimental data

- = Modelled data
| ~

150 R2=0.97
= std =6.25
£125
=
o
w© 100+
S
et
g
2 751
o
o \Y
o "
o 50
wn

251

0

0.0 2.5 5.0 7.5 10.0 12.5
Time (min)

Left: Model prediction of the protein concentration, containing BSA, over time compared to the experimental values. Right: Model

prediction of the salt concentration over time compared to the experimental values. The initial protein concentration was 0.3 kg/m?, the initial
salt concentration contained 175 mM NaCl. The initial volume was 100 mL, the flowrate was 20 mL/min. The transmembrane pressure was

0.142 MPa.
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3.3 | Flowsheet optimization
The flowsheet optimization workflow is designed to initially identify
the global optima for each flowsheet. Subsequently, the most promis-
ing candidates can be further optimized locally, while the less
promising ones may be disregarded. In this way, the number of flow-
sheets to be evaluated locally can be drastically reduced and corre-
spondingly decreasing the overall optimization time. Optimizing a
complex flowsheet involves finding global optima, therefore, a
stochastic and heuristic algorithm was employed to increase the
chance of finding most of the global optima.®®

We compared three optimization strategies, namely, simulta-
neous, top-to-bottom, and decomposition, in terms of time-efficiency,
complexity, and final results. Each optimization strategy was executed
following the optimization workflow, as described in 2.1. Flowsheet
optimization workflow, by either using MMs or ANNs. The
flowsheet optimization was performed for a superstructure of three
chromatography modes with a dilution or a filtration operation
between the chromatography steps to function as a buffer exchange.
In total, 39 flowsheets were evaluated. The maximum number of iter-
ations using MMs was reduced compared to previous work to per-
form the flowsheet optimization within a reasonable amount of time,
details can be found in 2.4. Numerical methods.>* Similarly for ANNSs,
the number of iterations was adapted to guarantee a fair comparison
between both workflows. The overall performance of each flowsheet
is evaluated using the WOP value as described in 2.1. Flowsheet opti-
mization workflow. In this work, the WOP is determined by the purity,
yield, and buffer consumption. Based on the highest WOP value for
all strategies using MMs, two best flowsheets were selected for which
both MM and ANN results are shown in Table 4. All results of the
global optimized flowsheet for all strategies, using MMs or ANNs, can
be found in Appendix D. Note, when the salt concentration in the
pool is lower than the initial salt concentration of the subsequent
chromatography step, a dilution with a stock salt solution is
performed, as described in 2.5. Case study. This also applies to flow-
sheets positioned with a filtration step, and can be confirmed by eval-
uating the optimized variables for the salt conditions. Moreover,

in the top-to-bottom strategy using ANNs, Nan occurred when the

PROGRESS

loading factor of a second or third chromatography step was
out-of-range for the ANNSs, as stated in the requirements in 2.5.
Case study.

The strategies top-to-bottom and decomposition found the same
best flowsheet (AEX - D - HIC - D - CEX), while the simultaneous
strategy found a different one (CEX - D - HIC - D - AEX), as
highlighted in Table 4. The flowsheet (AEX - D - HIC - D - CEX) was
selected as an optimal candidate in all strategies when using ANNSs. In
overall, the ANNs found more optimal flowsheets (WOP > 96) com-
pared to MM results. This is mainly attributed to an overestimation of
the yield, which depends on the ANN accuracies for each protein
(Appendix D). The Swarmplot, in Figure 6, shows the WOP values for
the structures of one, two, or three chromatography steps in a
sequence by either using MMs or ANNs. The different strategy out-
comes are merged into the number of chromatography steps. More-
over, we clearly observe the same increasing trend when considering
more chromatography steps for both ANNs and MMs. For one and
two chromatography steps, the WOP value is a bit overestimated by
the ANNSs, mainly due to the overestimation of the yield as pointed
out previously. The range for WOP values of three chromatography
steps is about equal, only more flowsheets were estimated with a
higher WOP value when using ANNs.

The selected best flowsheets, for each optimization strategy with
MMs, were further locally optimized using the simultaneous strategy
with MMs, as shown in Figure 7. Noticeably, the solver objective is to
discover the ideal salt conditions within sequential chromatography
steps, thereby eliminating the need for filtration and so obtaining
enhanced yields and reducing buffer consumptions. Often, an orthog-
onal structure is applied in industrial processes, meaning that ion
exchange and hydrophobic interaction chromatography are alter-
nated.2 Here, the two selected best flowsheets also have an orthogo-
nal structure. However, from the global optimization results, other
promising sequences, with a WOP > 96, are not necessarily orthogo-
nal. For the final local optimization, a maximum number of 50 itera-
tions was set to minimize the computational time, which took about
8 h. From the final results in Figure 7, it can be observed that there is
a clear trade-off between purity and vyield, for example the purity

result of the simultaneous strategy is reduced, while the vyield

TABLE 4 Performance measurement results of the global and minor local optimization results for the selected two best flowsheets from the
MM modeling workflow, the ANN results are also provided. The selected best flowsheets for each strategy are highlighted.
Purity (%) Yield (%) Buffer consumption (L/g) WOP
Structure Strategy
MM ANN MM ANN MM ANN MM ANN
CEX -D - HIC-D - AEX Simultaneous 99.7 98.9 96.0 98.1 8.59 7.29 97* 97
Top-to-bottom 92.7 89.6 92.3 100.0 7.63 4.20 93 94
Decomposition 99.2 90.2 81.4 95.4 5.02 6.70 93* 92*
AEX - D - HIC-D - CEX Simultaneous 99.9 99.6 89.3 100.0 6.48 7.23 95** 98
Top-to-bottom 99.3 98.3 95.7 100.0 5.77 8.70 97 97
Decomposition 99.1 97.3 96.2 100.0 6.04 10.76 97 97

Note: The filtration is a spiking dilution step as explained in 2.5. Case study for *Flowsheet [1-5-3-4-2] in table D.1, D.3, and D.6 and for **Flowsheet

[2-5-3-4-1] in table D.1.
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FIGURE 6 The WOP value of each
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strategy using MMs are used as input for the final local optimization. The maximum number of iterations was 50.

Final local optimization results using the simultaneous strategy with MMs. The global results of the best flowsheets for each
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FIGURE 8 Comparison of the overall
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increases, when comparing to the global optimized results. The buffer
consumption was reduced in all strategies, but the overall WOP value
was not improved for all strategies. So, to really improve the outcome,
more iterations are needed. Or if a certain performance measurement,
such as the purity, is a severe constraint (>99%), this can be applied to
only local or both global and local optimization.

For comparing the overall computational effort, the total amount
of hours for each strategy and workflow (MMs or ANNs) are
evaluated and shown in Figure 8. However, the overall flowsheet
optimization workflow applied parallelization whenever possible. The
ANN-time involves the data-generation (using MMs), ANN develop-
ment, and running the optimization, though, 99% of the time is
devoted to the data-generation. The MM only includes the optimiza-
tion time. The simultaneous strategy with MMs is obviously the most
computationally intensive, whereas the top-to-bottom with MMs

requires the least amount of computational effort.

Nowadays, more advanced computers consist of at least 10 or
even 20 cores, and as a consequence the simultaneous and decompo-
sition strategy can be executed way more time-efficiently. The
decomposition can be parallelized maximally 15 times, as sequences
of three chromatography steps depend on the two-chromatography
step sequences. Whereas, the simultaneous strategy can be split into
the number of flowsheets to be evaluated, in this case 39. Similarly
for the ANN workflow, where, in principle, infinite codes can run
simultaneously to generate data. Only the top-to-bottom strategy
with MMs cannot be parallelized, as decisions are made sequentially
between the various levels of chromatography steps. Figure 9 shows
the effect of using 10 or 20 cores on each strategy and workflow. The
decomposition strategy with MMs is the most time-efficient when
making optimal use of the cores. In this case study, ANNs are signifi-
cantly more time-efficient for the simultaneous strategy and for the

top-to-bottom strategy when using 20 cores.
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TABLE 5 Suggestions for deciding the type of optimization

strategy and/or modeling workflow (ANNs or MMs) for certain
scenarios/case studies.

Optimization problem Time

Optimization objectives and constraints Depending on available
e Objective(s) and constraint(s) are clear: ~ number of cores.
MMs, however, depending on If multiple cores can be
superstructure size used:
e Different objective(s) and constraint(s) e Limited time:
to be evaluated: ANNs Decomposition
strategy
e Extended time:
Simultaneous

strategy

Superstructure size
Number of chromatography modes (type
of resins) to be considered:
e 3 chromatography modes: MMs
e 4 chromatography modes: ANNs
+ MMs
e 5 chromatography modes: ANNs
+ MMs

Flexibility of method Complexity

Optimizing variables In terms of coding and knowledge
e Decided variables: e All optimization strategies are
MMs and/or ANNs about equal in development
e Undecided variables: complexity, as the general
MM s easier to use, optimization workflow is
or make more general ANNs similar to all of them for both
with various input variables, ANNs and MMs
or generate multiple ANNs o Developing the ANNs adds
more complexity to the overall
approach
e Advanced knowledge is
required on the various MMs
employed, the overall
optimization workflow,
developing the ANNSs, all the
algorithms/solvers used for
the optimization and ANNs

Apply different objectives for In terms of solving

different steps e Least complex:

Decomposition strategy, this Top-to-bottom, as it

strategy can apply different individually solves each unit

objectives for the first step operation

(capture step) and second e Most complex:

and/or third steps (polishing Simultaneous, challenging to

steps). find the optimal solution for a
sequence of more than 3 unit
operations having at least 5
variables per unit operation.
Increasing the number of unit
operations in the sequence or
the number of variables will
significantly increase the
complexity to solve the
problem

Evidentially, the optimization strategy plays a significant role in
the overall computational effort. But, if the optimization strategy

and workflow are parallelized most efficiently, the difference in

computational time between the strategies decreases, ranging from
about 1 to 7 days. In this case-study, all strategies found multiple and
similar optimal flowsheets. However, to obtain the most optimal con-
ditions when connecting several unit operations, the simultaneous
strategy is still recommended. In this flowsheet optimization evalua-
tion, ANNSs did not appear to be more time-efficient. Presumably, if
more resins and/or larger sequences are considered and at least
20 cores can be used, it is expected that the ANNs exceeds the time-
efficiency compared to MMs. This would be an interesting evaluation
for a follow-up. Moreover, ANNs are very fast in executing the flow-
sheet optimization, which can be advantageous when evaluating dif-
ferent scenarios for the optimization problem. In general, multiple
factors determine which optimization strategy and workflow (MMs or
ANNs) might be optimal for a specific case-study, such as, the
objective(s) and constraint(s), the size of the superstructure, and/or
the computer power. The overview in Table 5 can help to make deci-
sions for a flowsheet optimization approach. In future work, exploring
different optimization algorithms, such as Bayesian optimization and
genetic algorithms, could improve both efficiency and robustness.
These methods can complement Differential Evolution by offering

alternative approaches for navigating complex search landscapes.

4 | CONCLUSIONS

In this study, we compared three optimization strategies to determine
the most effective approach for complex flowsheet optimization
based on their outcomes, time-efficiency, and complexity. Each
strategy, for example, simultaneous, top-to-bottom, and decomposi-
tion of the superstructure, was evaluated by either using MMs or
ANNs for the global optimization. This complex flowsheet optimiza-
tion consisted of 39 flowsheets, including an optional buffer exchange
between the chromatography steps. The filtration mathematical
model was validated for an UF/DF step using BSA. The protein con-
centration achieved an R? of 0.99 and a standard deviation of 0.03,
and the salt concentration achieved an R? of 0.97 and a standard
deviation of 6.25. Therefore, this model was assumed to be valid and
applicable to the other proteins during flowsheet optimization, which
had a similar or higher molecular weight than BSA. For the ANNSs, all
critical proteins, which are present around the product peak, reached
an R? >0.93, and the product of interest achieved an R? >0.98 and
RMSE <0.022.

Subsequently, flowsheet optimization using MMs identified the
same optimal flowsheet (AEX - D - HIC - D - CEX) for both top-
to-bottom and decomposition strategies, the ANNs predicted the
same WOP for this sequence. The simultaneous strategy with MMs
identified a different sequence (CEX - D - HIC - D - AEX), which
was not selected as one of the best by the other two strategies, giving
a WOP threshold of at least 96. In general, the WOP values were
predicted within a similar range when using either ANNs or MMs. In
the case of orthogonal sequences, the solver often determined the
optimal salt conditions to exclude the filtration step and instead

employed a dilution/spiking step, and so reducing buffer
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consumptions and enhancing yields. Leveraging the multi-core proces-
sing capabilities, commonly available in contemporary computers, min-
imizes the duration of the flowsheet optimization between the
strategies. When using multiple cores, the superstructure decomposi-
tion method employed with MMs is the most time-efficient approach.
Utilizing ANNs is only significantly more time-efficient when employ-
ing the simultaneous strategy, and top-to-bottom approach when uti-
lizing 20 cores. Furthermore, if various optimization problems should
be evaluated, ANNs are valuable for their fast flowsheet optimization,
taking under an hour with multiple cores. All strategies are about
equal in terms of complexity to develop the software. However, the
combination with ANNs adds a layer of complexity because more
knowledge is required on different aspects.

This study points out the importance of different optimization
strategies and modeling techniques for complex flowsheet optimiza-
tions. Since numerous factors play a role, the decision-making table
can support to find the most suitable type of strategy and modeling
technique for a certain case study. Flowsheet optimization is crucial
during the early conceptual process design to decrease costs and
development time. Moreover, at the initial stage of a development
process, limited sample material is available and knowledge about the
sample purification has yet to be acquired. All strategies, whether
employing MMs and ANNSs, successfully identified multiple optimal
flowsheets. Moreover, due to efficient parallelization, the difference
in computational time between the strategies was minimized. Though,
the decomposition of the superstructure strategy with MMs proved
to be most time-efficient. Furthermore, it has the advantage to apply
different objectives for specific steps during the purification process,
enhancing its versatility and utility in biopharmaceutical process
development. In this article, we have demonstrated the broad applica-
tion and capability of this approach. This method is flexible and can be
easily adapted to specific case study requirements and process limita-
tions. It serves as an initial screening tool to guide further optimization

and refinement.
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