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Biopharmaceutical manufacturing mainly produces large molecule-based products and is becoming
increasingly important in the last few years, leading to high market demand. Two approaches are
investigated in this dissertation to satisfy the high market demand, including the selection of highperformance process operating mode and improvement of operating strategies. Continuous
processing shows a significant benefit in increasing productivity, reducing the footprint, and costeffectiveness over conventional operations. Quantitative evaluation of the overall process
performance is critical to decide the preferred mode of operation (batch or continuous). At the same
time, enhancing the understanding of conventional unit operations is also essential to improve
productivity while maintaining the product quality for current manufacturing setups.
In this dissertation, different simulation methods, including flowsheet modeling and mathematical
modeling, are explored to accurately predict and evaluate large molecule-based drug production.
Flowsheet modeling is implemented to design and construct fully integrated frameworks for
continuous monoclonal antibody and gene therapy drug productions and compare their
performance with the batch processes using techno-economic analysis. Scenario studies are used
to evaluate process cost-effectiveness under varied production scales and upstream/downstream
parameters. Under the guidance of quality by design (QbD), mechanistic and surrogate models are
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built to capture the nonlinear bioprocess dynamics between operating conditions and output
variables, aiming to improve productivity while maintaining critical quality attributes of the
products. Furthermore, feasibility analysis has been used to determine the design space for protein
production based on the requirement of commercial product quality attributes. This dissertation
provides a framework covering process design and decision-making in biopharmaceutical
manufacturing, paving the way for cost-effective manufacturing and high-quality biological drug
production.
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1
1.1

Introduction
General overview of biopharmaceutical manufacturing

Biopharmaceutical manufacturing focuses on the production of large molecule-based products in
heterogeneous mixtures, which can be used to treat cancer, inflammatory, and microbiological
diseases [1]. Major biological drugs include monoclonal antibodies, vaccines, recombinant
hormones/proteins, cells and gene therapies. Monoclonal antibodies are one of the most famous
biological products, which takes the highest percent (37%) among all the drugs on the market (the
year 2016), including drugs in development [2]. It has rapid routes to a clinical proof -of concept,
low cost, low risk and high yield. On the other hand, gene therapy process is just recommended
and approved worldwide in 2017 which has ability to make site-specific modification to human
genomes and target on therapeutic treatment [3]. In year 2020, FDA provides guidance for industry
on design of long term follow up studies of human gene therapy products which indicating novel
gene therapy development is promising in future applications [4] .
In recent years, the global biopharma market increased rapidly from $4.4 billion in 1990 to $275
billion in 2018 [5]. This brings an increasing demand for biologic-based drugs that drives the need
for manufacturing efficiency and effectiveness [6]. To deal with these challenges, many companies
are improving the manufacturing processes by transitioning from batch to continuous operation
mode [7] and employing smart manufacturing systems [1].
Continuous biopharmaceutical process reduces the equipment footprints compared to the
corresponding batch or semi-batch process and offers rapid capacity adjustment and process scaling
up [8]. In addition, continuous process improves product quality, reduces bioburden risks and
increases volumetric productivity of the process. It also standardizes the biological production by
building multiproduct facility which can produce both stable and nonstable proteins[8]. All the
above advantages of continuous biopharmaceutical processing result in process intensification. It
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has been reported that continuous operations have been used in small molecule drug production,
and there exists FDA approved products such as Vertex’s ORKAMBITM and Prezista [9].
Smart manufacturing system has capabilities to capture productivities, product qualities, product
and process sustainability as well as has agilities to response to changes of the process[1]. This
requires the digitization of each unit operations, data collections, analysis, system control and
supply chain management. Especially in these years, digital twin idea has been proposed [10] which
can guide and control the physical plant by running a virtual plant on the side. Process modeling
plays an important role of these advances, which can assist biopharmaceutical manufacturing in
product development, process prediction, decision making, and risk analysis.
In this dissertation, process modeling methods have been used to resolve the current challenges in
biopharmaceutical manufacturing by improving the process cost efficiency as well as productivity.
From the first approach, flowsheet modeling has been used to design and evaluate batch and
continuous processes for monoclonal antibody and gene therapy production, demonstrating the
advantages of continuous operations. Another approach focuses on improving current conventional
unit operation, upstream fed-batch production bioreactor using both mechanistic and surrogate
models.

1.2

Product quality in biopharmaceutical manufacturing

To fulfill the FDA regulations and obtain safe products, biopharmaceutical operations should be
strictly controlled and operated under a sterilized process environment, and the products have to
satisfy the critical quality attributes (CQAs). CQAs are product-specific properties that have been
defined as “a physical, chemical, biological, or microbiological property to characteristic that
should be within an appropriate limit, range or distribution to ensure the desired product quality”
in ICH Pharmaceutical development Q8 guideline [11]. Since the deviation of the drug properties
would cause risk such as life threatening, loss of efficacy or effect on pharmacokinetics (PK),
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pharmacodynamics (PD), drug manufactures have to maintain a certain operating range during the
drug production.
As mentioned in the previous section, mAbs are the most popular biological products used to treat
cancers and micro-bio diseases. These proteins are generally produced from Chinese hamster ovary
(CHO) cells in bioreactors and purified by a series of filters and chromatography. Examples of the
quality attributes for monoclonal antibody productions include size-related variants, charge-related
variants, oxidation-related variants, Fc glycosylation and structural variants [12]. In recent years,
researchers have been investigating ways to increase the protein production by adjusting operating
conditions and culture media formulation to meet the high drug demands. In the meantime, product
qualities such as antibody-dependent cellular cytotoxicity (ADCC) and complement-dependent
cellular cytotoxicity (CDC) are also critical to be maintained. It was found that the presence of a
terminal galactose of the Fc region during N-linked glycosylation process increases the intensity of
the CDC response. The reduction of fucosylation would improve the effect of ADCC activities [13].
More than 70% of the approved mAbs belong to IgG1 isotype [14]. N-linked glycosylation is a
critical step to formulate the final IgG product and glycan fractions representing the level of
afucosylation, galactosylation, high mannose, and sialylation are quality attributes that significantly
affect protein folding, binding, and further controls product safety, efficacy, and potency [14-17].
Quality by design (QbD) proposed by FDA assists process development ensures the quality of the
products through the manufacturing processing [11]. The basis of QbD is to link the critical process
parameters with CQAs and further define a design space for process operations. In recent years,
mathematical modeling has been applied to QbD for biopharmaceuticals process understanding and
development [18, 19]. In this dissertation, another aim is to simulate upstream production
bioreactor and correlate their critical process parameters such as temperature and pH to protein
glycosylation in mAbs production. We developed a framework to achieve predictive process
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modeling with different modeling approaches and further find design space for high productivity
and qualities.

1.3

Outline of the dissertation

This dissertation focuses on the improvement of biological drugs’ production by using process
modeling methods and is organized as follows. Chapter 2 reviews the application of process system
engineering tools in biopharmaceutical process development and targets on integrated process
design and upstream bioreactor modeling. Following this, analysis methods that are for plant
decision making and design space investigations are introduced. Chapter 3 describes approaches to
reduce costs of the biopharmaceutical manufacturing by converting batch process to continuous
using flowsheet modeling. The techno-economic analysis is used to evaluate the performance of
continuous operations. Two types of the biological products, the production of monoclonal
antibodies and recombinant adeno-associated virus are evaluated in case studies. Chapter 4 focuses
on the improvement of upstream bioreactor operation by capturing the cell growth, protein
production, and product qualities under different temperatures and pH using both mechanistic and
surrogate models. Process system engineering tools such as feasibility analysis are used to
investigate design space for upstream operations to maintain productivity and product quality.
Chapter 5 further explored the development of bioreactor predive model with the support of
experimental data in Herceptin production. A realistic model is built and captured the temperature
effect during the cell culture and can be potentially integrated with PAT and control system to
achieve an on-line soft sensor. Chapter 6 discusses conclusion of this dissertation and provides the
potential future work.
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2

Literature Review

In this chapter, works on modeling and analysis methods in biopharmaceutical manufacturing has
been reviewed. In section 2.1, modeling approaches in biopharmaceutical manufacturing have been
reviewed, including modeling for the integrated processes from upstream to downstream operation
and modeling for upstream production bioreactor. Modeling methods such as mechanistic model,
data-driven model, as well as different simulators that are available in the market are reviewed.
Section 2.2, described analysis methods in process decision making and design space defining.

2.1
2.1.1

Modeling approaches in biopharmaceutical manufacturing
Integrated process modeling

In biopharmaceutical manufacturing, unit-to-unit connections are very important. Upstream output
such as throughput and product qualities significantly affect the choice of downstream unit
operations and equipment size. Since downstream processing consists of multiple types of
equipment, optimizing operating strategies for each unit while bridging the connections from one
unit operation to another will improve the efficiency of the operations. Thus, it is important to
integrate all the unit operations and predict final product quality or productivity from the integrated
process. Integrated process modeling usually combines with the analysis method to achieve process
design and optimization. Many of the process integrations are focusing on continuous
biopharmaceutical processing and evaluate process cost effectiveness[20-23], understand residence
time distribution[24] and implement process optimization[25].
To build an integrated model, one approach is to use a mechanistic model and data-driven model
to capture each of the unit operation and then integrate them together. For example, Sencar et al.
[24] used mechanistic model and empirical model to achieve unit by unit modeling and integrate
them to a RTD model. This model supports the tracking of material through different unit
operations as well as effects on process disturbance. Gomis-Fons et al. modeled chromatography
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steps and integrated them with the control system to achieve real-time control and optimize the
operations [26]. These models usually build based on the platform such as python, matlab, Java,
etc., which provide flexibility on model construction. However, these models require a high level
of programming skills and a detailed understanding of each unit operation. Another approach is to
use simulators to capture and compare integrated processes and track the mass balance and adjust
process schedules. Simulators such as Aspen, SuperPro designer, Biosolve, gProms etc. are userfriendly platforms that also contain inbuilt analysis methods for process evaluations. Table 2.1 1
briefly provides the examples and platforms that have been used in integrated process modeling. In
section 2.2, the detailed modeling, analysis and decision-making methods will be discussed.
Table 2.1 1 Integrated process modeling

Categories
Residence
distribution

Activity
and
making
Material
and
making
Process
assessment

Integrated Process
Methods
Platforms
time Probability distribution Python
function for each unit
operations

tracking
decision
tracking
decision

risk

Overall
process
optimization

Comments
Correlate input material
operating conditions, design
parameters with outlet
profile
Easy to update.
Discrete
Event Extend
Sim, Discrete/dynamic system,
Simulation [27]
Simul8,
track activity, scheduling
and resource utilization
Mechanistic/Empirical
SuperPro
Track material balance and
model [28]
Designer,
optimize cost-effectiveness.
Biosolve,
Process
debottlenecking,
capacity planning
Implement
process MATLAB
Evaluate
parameter
model with Monte Carlo
sensitivity,
impurity
analysis [29]
purification and product
quality. Hard to apply to
computationally expensive
model
Integrate
flowsheet SuperPro
Optimize
environment
model with optimization Designer-VBimpact
and
costsolvers [30]
Matlab
effectiveness by adjusting 4
operating parameters
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2.1.2

Bioreactor modeling

Bioreactor is one of the most important unit operations in the upstream process closely relative to
the overall plant production and product quality. The outputs of the production bioreactor affect
the downstream purification process. Thus, the understanding, predicting and control of the
bioreactor operation is critical to the improvement of the overall process manufacturing.
In upstream operations, researchers and companies try to adjust media, cell line and operating
conditions to achieve target productivities and CQAs. Temperature, pH, agitation, aeration rate,
amino acid addition, and pressure change are all critical factors that need to be controlled. With the
change of the parameters above, osmolality, dissolved oxygen or carbon dioxide, share force,
mixing efficiency, metabolite, and nutrient concentrations would be changed, further affecting cell
intracellular metabolism and final biologics drug production. Thus, to understand the correlations
of critical process parameters with critical quality attributes, different methods including
mechanistic, data-driven, and hybrid modeling have been used.
For mechanistic modeling, kinetic modeling has capability to show dynamic changes of the product
titer and CQAs under various operating conditions. Kinetic modeling can be built based on the
understanding of process structure including cell growth algorithms, biochemical reactions or
adsorption mechanisms. Due to a large number of parameters in the model, parameter estimation
and process validation are required. To reduce the number of parameters, kinetic modeling is
commonly coupled with empirical modeling to build semi-empirical models. These models can be
used for reduction of dimensionality of the problem by combining some parameters into a single
parameter. Using lumped equations such as Monod-based or Michaelis–Menten models, cell
growth and biochemical reactions inside cells can be well captured [31]. These models have used
to simulate the temperature, pH effect to the cell growth and productivity [32, 33]. Xu et al.[32]
used kinetic model to capture the effect of temperature shift on CHO cell culture performance in
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fed-batch bioreactor. By obtaining parameters under different temperatures from first 8 days’
culture, the model predicted the viable cell density, glucose, glutamine, glutamate, lactate
concentration and titer for extended duration up to 14 days with different temperatures and initial
cell density. CQAs such as glycosylation profile can be captured to interpolate different
temperatures and pH as well. Sou et al. [34] successfully used kinetic model to simulate cell culture,
nucleotide, nucleotide sugar metabolic and N-linked glycosylation under two different
temperatures. Villiger et al. [35] built pH, manganese, and ammonia concentration effect to cell
culture and glycosylation process in their model and described the dynamic profile of glycan
fractions. Mechanistic model can also be used to assist the media selection and optimize feeding
strategies. Kotidis et al. [36] investigated the glycosylation precursor feeding including galactose
and uridine effects on cell growth, protein productivity and quality. Radhakrishnan et al.[37]
applied kinetic model capturing the time-dependent media supplement effects on the glycosylation
quantitatively. With the development of continuous processing, kinetic modeling has also been
used to simulate both cell culture and protein glycosylation processes in perfusion bioreactor [38,
39]. However kinetic model contains many kinetic pathways, which requires a significant amount
of data for parameter estimation.
To deal with this problem, stoichiometric model has been widely used to capture biochemical
components, intermediate molecular and intracellular reactions. By calculating flux of each
components, stoichiometric model is able to predict specific metabolic rate which has been used in
media selection and feed media adjustment[40]. In addition, the model based on genome scale can
be used for cell culture performance and glycoprofiles prediction from mutant cell lines[41].
Dynamic process can also be modeled by capturing the fluxes at different time intervals [42]. To
further improve the dynamic simulation, stoichiometric model is coupled with kinetic model and
track the intracellular metabolism with the extracellular environments and kinetic changes[43, 44].
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As for agitation and dissolved oxygen effects, CFD simulation have been used to investigate the
physical environment of the bioreactor and simulate its heterogeneities. To improve the modeling
accuracy, CFD simulation has been coupled with PBM model to capture the liquid gas interactions
as well as gas aggregation and breakage[45] It has also been integrated with kinetic model [46, 47]
to understand physical and chemical stimuli to cell growth and protein production. However,
mechanistic model is usually computational expensive which is not convenient to be used for
process optimization and control.
Data-driven model has been applied to reduce the computational time while capturing the critical
operating parameters and quality attributes at different scales. Selvarasu et al. [48] processed data
with principal component analysis (PCA) and partial least square regression (PLSR) to identify the
key nutrient components’ effect on the cell viability and productivity which can be used for media
selection. Sokolov et al. [49] used sequential multivariate tools to predict titer, aggregation, low
molecular weight components, and glycan groups in the product under deep‐well plates (DWP)
scale, AMBR scale, Lab scale and pilot scale. The work shows the capability of the multivariate
analysis in scale-up and decision making for biopharmaceutical manufacturing. Usually,
multivariate analysis requires a large amount of data for accurate prediction. To deal with this
problem, recently, Zurcher et al.[50] used multivariate analysis data tools to capture dynamic
protein glycosylation profiles using extracellular data with small datasets. However, data-driven
model still has weakness with poor extrapolation capabilities.
Hybrid model integrated data-driven model and mechanistic model and demonstrated its potentials
in cell growth and metabolism simulation. Narayanan et al. [51] developed system of equations
based on mass balance and integrated the equations with ANN to capture the cell density,
metabolite concentration and productivity. Results showed that hybrid model improved the
prediction accuracy and interpolation/extrapolation capabilities. In addition, hybrid model can also
be used to predict bioreactor performance under different culture conditions [52]. Stosch, M. et al.
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[18] used artificial neural network to correlate temperature, pH and feed rate with biomass and
protein production rate and integrated this correlation in the kinetic model. By integrated datadriven model with flux balance analysis, pH and temperature affect to intracellular metabolism can
also be investigated[53]. Table 2.1 2 shows examples of capabilities and methods for process
modeling which can be potentially used in model building. However, it needs to note that, although
process modeling has capabilities to capture all the above operating conditions and critical quality
attributes, none of the modeling work incorporates all the process information within a single model.
Table 2.1 2 Upstream bioreactor modeling examples
Upstream Process
Categories
Methods
Platforms
Bioreactor
fluid CFD simulation [45]
Ansys
Fluent,
dynamics, system CFD
+PBM COMSOL
heterogeneity
simulation [54]
Multiphysics
CFD+ kinetics model
[46]

Comments
Support to understand
operations
such
as
agitation,
aeration,
nutrients feeding. Guide
process
scale-up.
Computationally
expensive.
Can
reduce
the
computational time by
using
a
compartment
model, hard to be validated.
Cell
growth, Kinetic model [32, 34, MATLAB,
Capture and predict the
nutrients,
and 55]
gPROMS, Visual dynamic profile of the cell
Metabolism.
Basic
for culture. Correlate CPPs and
Product
quality
Applications
CQAs. Require a large
(protein
amount of data for
glycosylation)
parameter estimations.
Stoichiometric
MATLAB,
Deal with a large amount of
methods [56]
OptFlux etc.
mechanistic
reaction,
genome-scale simulation.
Need to integrate with the
kinetic model to capture the
dynamic profiles
Multivariate tools [50] MATLAB
Require a large amount of
data. Represent inputoutput correlations. Do not
capture the mechanistic
correlations.
Media formulation Multivariate analysis
MATLAB
Identify
nutrient
MFA [40, 48]
correlations,
improve
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productivity
and
cell
viability
Product impurities
Regression model and MATLAB
Capture
predict
titer,
Multivariate analysis
aggregation, low molecular
[49]
weight components, and
glycan groups
The pros and cons of the kinetic model, flux balanced model, and statistical data-driven model are
summarized and compared in Table 2.1 3. Table 2.1 2 and Table 2.1 3 can be used together to
suggest the best modeling method for different bioreactor modeling projects.
Table 2.1 3 Comparison of computational methods in bioreactor modeling
Method
Brief intro

Kinetic model
Use kinetic parameters to
represent
culture
conditions and product

Stoichiometric model
Stats model
Use
stoichiometric Use stats methods such
relations and flux to as PCA or PLSR to find
represent reactions
the relation between
operation
conditions
with product

Pro

1. Shows
dynamic 1. Less experimental 1. Straightforward,
change of the model
data are required
less
end-user
2. Product prediction
2. No
parameter
expertise required
estimation needed
2. Commercial
3. Help to understand
software available,
the
operating
software such as
processes
MATLAB also have
packages for those
3. Handle
multiple
variables

Con

1. Large amounts of 1. Need
to
solve 1. Large amount of
experimental data are
underestimated
data is required to
required
for
problems
find correlations
parameter
2. The method itself is 2. Accuracy
can
estimation,
hard to predict the
achieve up to 70%
validation
dynamic changes of
2. Some
parameters
the system
cannot be obtained 3. Only
consider
are from literature
steady
state
data thus cause the
conditions
inaccuracy
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2.2
2.2.1

Biopharmaceutical process design and operations
Decision making (Economic analysis)

In silico integrated process modelling is usually used for early stage process development and
decision making and process optimization. Using economic analysis, batch, hybrid and continuous
processing are compared and the economic benefits for varies cost categories can be observed. This
method can be used as decision support tool to assist operating modes selection [21, 23, 28]. A
more advanced decision support tool which considers, cost, environmental impact, product quality
and supply robustness is also developed for production pattern selections between multiple-product
small scale platform and single-product large scale platform [57]. Decision making includes not
only the integrated process but also single unit operation. As describe in section 2.1, modeling of
single unit operation would support the decision making on process operation and real time control
by building the correlations of process input and output. In this section, we will focus on the
decision making from techno-economic analysis which assists the selection of unit operation,
operating mode and multi-product plant development. Methods such as deterministic analysis and
stochastic cost analysis are introduced in details.
Simulation software
This section focuses on the different simulation software that can be used for economic analysis in
continuous biopharmaceutical processing. The three simulation software packages that have been
commonly used for cost analysis are Bio-Solve (Biopharm Services, UK), SuperPro Designer
(Intelligen, Scotch Plains, NJ) and Aspen Batch Process Developer (Aspen Technology,
Burlington, MA). Table 1 presents the software used in selected recent published papers on
economic analysis of biopharmaceutical manufacturing, with focus on continuous processing. It
can be noted that Bio-Solve software is more commonly used in the recent years especially for
continuous biopharmaceutical manufacturing whereas SuperPro Designer and Aspen have not yet
been applied for published continuous processing simulation.
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Table 1 Simulation packages used in recent publications in cost analysis of
biopharmaceutical production
Paper

About Author

Content

Software

[58] Lim et al. 2006

UCL1

Fed-batch vs Perfusion

DES2

[59] Pollock et al.
2013

UCL, Pfizer R&D
global biologics

Fed-batch vs perfusion

DES

[60] Pollock et al.
2013

UCL, Pfizer R&D
global biologics

Design Semi-continuous
affinity for clinical and
commercial manufacture

DES

[61] Liu et al. 2013

UCL

Cost-effective design
(Batch)

MINLP3

[62] Hammerschmidt UNRLSV4, ACIB5,
et al. 2014
Novartis Pharma
AG

Batch vs continuous vs
hybrid process
(precipitation)

BioSolve6

[63] Xenopoulos
2015

Biopharm Process
Solutions R&D

Integrated batch vs
continuous (multicolumn)

BioSolve

[64]Walther et al
2015

BioRealization,
Sanofi, R&D

Integrated batch vs
continuous (multicolumn)

BioSolve

[65] Li and
Venkatasubramanian
2016

Columbia University Integrated batch process,
focus on downstream

SuperPro Designer

[66] Klutz et al. 2016 Invite GmbH, TU
Dortmund
University

Batch vs continuous vs
hybrid integrated process

No simulation
packages

[67]Bunnak et al.
2016

UCL, University of
Manchester

Fed-batch and perfusion

BioSolve

[68] Torres-Acosta
et al. 2016

UCL, Centro De
BiotecnologiaFEMSA

Batch vs batch with ATPE BioSolve
downstream

[69] Xu et al. 2016

Merck

Fed-batch vs perfusion vs
concentrated fed-batch
(media cost)

BioSolve

[25] Liu et al. 2016

UCL

Integrated batch costeffective optimization

MINLP
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[70] Pollock et al.
2017

UCL, Pfizer
Biotherapeutic
Pharmaceutical
Science

Batch vs continuous vs
hybrid integrated process

DES

[71] Arnold et al.
2018

MedImmune

Batch vs continuous
integrated process

BioSolve &
experiment

[28] Pleitt et al. 2019

Thermo Fisher
Scientific; The
University of
Queensland

Batch vs continuous focus
on downstream

SuperPro Designer
and Biosolve

[72]Hummel et al.
2019

Pall Life Sciences

Batch, Continuous singleuse vs stainless steel focus
on downstream

Biosolve

[73] Cataldo et al.
2019

ACIB, UNRLSV, A
Sandoz Company

Batch vs continuous vs
hybrid focus on
downstream

Biosolve

[74] Gupta et al.
2020

Indian Institute of
Technology Delhi

Batch vs continuous
integrated process

SuperPro Designer

1

UCL: University College London
DES: Discrete-event simulation engine, extend with MySQL database
3
MINLP: Mixed integer nonlinear programming, Constrained programming
4
UNRLSV: University of natural Resources and life sciences Vienna
5
ACIB: Austria Centre for industrial biotechnology
6
BioSolve: BioSolve (Biopharm Services Ltd)
2

Bio-Solve is an Excel-based process and cost modeling software (Biopharm Services, UK). It can
be applied to calculate cost of goods (COG) with a breakdown of cost drivers in both batch and
continuous process based on a scalable process model, as the scale can be varied from lab scale to
manufacturing scale. It can also be used for cash flow analysis. The software can perform multiple
process comparisons and can be used to identify the most cost-effective technologies [75]. The
software contains yearly updated built-in cost data library, including equipment, consumables and
solution components. The software allows users to customize cost data based on models [62, 63].
However, this software is not able to capture the dynamic nature of the process. The latest BioSolve
software shows ability to map batch, continuous and perfusion process into a Gantt chart [75].
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SuperPro Designer (Intelligen, Scotch Plains, NJ) is a flowsheet driven simulator and can be used
to integrate both process and business modeling. With this software, material and energy balances
can be automatically calculated based on the mathematical model built by the user [65]. Thus,
equipment sizing, debottlenecking, cost, and economic evaluation can be performed both in batch
and continuous process. Combined with SchedulePro, scheduling in batch process can be achieved
in both SuperPro and SchedulePro Designer. However, the simulation model can only be specified
with fixed resource, time delay and failure events in bioprocess. In the continuous mode, there is
limited equipment that exists in the current library without scheduling option. Cost analysis and
project economic evaluation can be done by SuperPro Designer. The software can show the basic
cost analysis including direct and indirect costs, and also do the profitability and cash flow analysis.
Sensitivity analysis, Monte Carlo analysis can also be done with SuperPro model but the data need
be transferred to excel and distribution of parameters should be provided in Excel spreadsheet. On
the Excel spreadsheet, the add-ons packages need to be used, for example Crystal Ball (Oracle).
Similar to SuperPro Designer, Aspen Batch Process Developer (Aspen Technology, Burlington,
MA) is a recipe-driven simulator that can also be used to simulate biopharmaceutical processes
with economic analysis. The software can be used to obtain material balances, cycle-times
calculation, perform scale-up, alternative process evaluation and process debottlenecking. The
software can also simulate single or multi-product campaigns and track the in-plant emission such
as CO2 emission for environmental purpose. However, for Aspen Batch Process Developer, the
simulation is limited to building batch processes. In addition to Aspen Batch, Aspen Technology
also developed Aspen Chromatography that is used to simulate batch and continuous
chromatographic separation processes that are applied in pharmaceutical and biotechnology. One
of the advantages of Aspen Process is Aspen Chromatography and Aspen Batch process developer
can be combined with Aspen Plus Dynamic so that the process can not only be analyzed under
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steady state but also evaluated under dynamic process for both batch and continuous processes built
in the software.
To understand the dynamic behavior of the process including process failure, delay, and
rescheduling, a simulator such as ExtendSim should be used [59, 70]. By using ExtendSim, discrete
event simulation can be applied to both discrete and continuous biopharmaceutical simulation.
ExtendSim is a simulator that can be used for resource management, a mass balance analysis, inprocess testing and costing analysis. A detailed discussion and its application can be found in Paige
Ashouri’s thesis [76]. The thesis also provides the discussion of previous research that applied the
software to biopharmaceutical manufacturing [27, 76].
Instead of using simulation packages, some publications performed economic analysis and
optimization of biopharmaceutical production by using programming software such as GAMS. Liu
et al. [61] applied mixed-integer nonlinear programming (MINLP) to provide sizing strategies,
process debottlenecking and decision making of facility configuration in order to build costeffective chromatography. In 2016, Liu et al [25] applied stochastic mixed integer linear
programming (MILP) model to optimize both upstream and downstream equipment sizing, and
their working cycle determinations. Combined with chance-constrained programming (CCP)
techniques, the most cost-effective decision was made with the consideration of upstream titer and
chromatography resin yield. However, these methods have been only applied on mAbs production
in batch mode.
Economic analysis method
The economic analysis method includes deterministic cost calculation, sensitivity cost analysis, and
stochastic analysis. Since many of the cost calculations of biopharmaceutical manufacturing are the
same as those of chemical plants including labor cost, maintenance cost, and even profitability cost,
their cost calculations are not going to be covered in detail in this review. This section only presents
the calculation of biopharmaceutical manufacturing cost.
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For capital cost calculation, there are three main items: working capital, start-up and validation
cost, and direct fixed capital (DFC). In biopharmaceutical plants, working capital is 10-20% of the
DFC, while start-up and validation are typically 20-30% of DFC. For single-use system, the
processing flexibility increases and validation, start-up and commercialization times become
shorter [77]. The calculation of capital cost is similar to the calculation done for chemical plants
using available scaling relations [77] as in equation (2.2.1).
𝑠𝑖𝑧𝑒2 𝑎
𝐶2 = 𝐶1 ∙ (
)
𝑠𝑖𝑧𝑒1

(2.2.1)

Where 𝐶2 is the target cost of the equipment; 𝐶1 is the reference cost; size1 and size2 are sizes of
reference equipment and target equipment; a is a scale-up factor and ranges between 0.5 and 1. In
biopharmaceutical calculation, two equipment have been used [61]:
𝑉 𝑏𝑖𝑜𝑟
𝑏𝑖𝑜𝑟
𝑏𝑖𝑜𝑟
𝐶 𝑏𝑖𝑜𝑟 = 𝐶𝑟𝑒𝑓
∙ ( 𝑏𝑖𝑜𝑟 )𝑆𝑈𝐹
𝑉𝑟𝑒𝑓

(1.2.2)

𝐷 𝐶𝑜𝑙
𝐶𝑜𝑙
𝐶𝑜𝑙
𝐶 𝐶𝑜𝑙 = 𝐶𝑟𝑒𝑓
∙ ( 𝐶𝑜𝑙 )𝑆𝑈𝐹
𝐷𝑟𝑒𝑓

(2.2.3)

V is the bioreactor volume; D is chromatography diameter; SUF is a scale-up factor.
Cost of goods per gram (COG/g) combines direct and indirect costs of the process and is widely
used in analyzing the impact of investment and operating decisions. The COG/g analysis can be
applied in both single steps comparison and integrated manufacturing process.

𝐶𝑂𝐺 =

𝑎𝑛𝑛𝑢𝑎𝑙 𝑑𝑖𝑟𝑒𝑐𝑡 𝑐𝑜𝑠𝑡 + 𝑎𝑛𝑛𝑢𝑎𝑙 𝑖𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑐𝑜𝑠𝑡
𝑎𝑛𝑛𝑢𝑎𝑙 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑜𝑢𝑡𝑝𝑢𝑡

(2.2.4)

In equation COG/g equation, material cost and consumables cost belong to direct cost. In
biopharmaceutical process, material cost includes media, buffer and cleaning cost (for example,
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waste for injection cost) [77]. Liu et al. [61] built cost calculation model for batch
biopharmaceutical facilities and provided the equations to calculate media cost:
𝐶 𝑚𝑒𝑑𝑖𝑎 = 𝜃 ∙ 𝑁 𝑏𝑎𝑡𝑐ℎ ∙ 𝑃𝑐 𝑚𝑒𝑑𝑖𝑎 ∙ 𝛼 ∙ 𝑉 𝑏𝑖𝑜𝑟

(2.2.5)

𝜃 is media over-fill allowance, and 𝑁 𝑏𝑎𝑡𝑐ℎ is number of batches of bioreactor, while 𝑃𝑐 𝑚𝑒𝑑𝑖𝑎 is
the price of media. 𝛼 is bioreactor working volume ratio, and 𝑉 𝑏𝑖𝑜𝑟 represents the volume of the
bioreactor.
Consumables are the items that need to be replaced during processing, for example, filters and
membranes in filtration, diafiltration, and resins in chromatography. In some studies, the resin cost
is also considered as a material cost. In most of the cases, it is considered as a consumable cost.
When calculating the cost of consumables, lifetime and reusable cycles need to be considered. For
example, in Liu et al. [61] study, the resin cost in chromatography column was calculated as:
𝑐𝑦𝑐

𝐶

𝑟𝑒𝑠𝑖𝑛

𝐴 ∙ 𝑃𝑐𝑠𝑟𝑒𝑠𝑖𝑛 ∙ 𝑁 𝑏𝑎𝑡𝑐ℎ ∙ 𝑁𝑠
=∑
𝐿

∙ 𝑇𝑜𝑡𝑉𝑠𝑐𝑜𝑙

(2.2.2)

A is an over-packing factor for resin, and 𝑃𝑐𝑠𝑟𝑒𝑠𝑖𝑛 is the resin price. 𝑁 𝑏𝑎𝑡𝑐ℎ is number of batches,
𝑐𝑦𝑐

while 𝑁𝑠

is number of cycles per batch. 𝑇𝑜𝑡𝑉𝑠𝑐𝑜𝑙 is total column volume, and L is the resin

lifetime, while S represents the different chromatography steps.
Sensitivity and Monte Carlo analysis can also be applied in economic evaluation. Sensitivity
analysis can help with decision making regarding testing solutions, identifying variables, finding
the optimal solutions and evaluating the risk [78]. In economic analysis, we can observe the most
sensitive parameters relative to the cost and help to design the most cost-effective process under
the existing conditions.
Monte Carlo analysis can help predict the system response to certain events with specific
probabilities. By defining the parameters’ minimum, maximum and probabilistic distributions, this
analysis helps to understand the real manufacturing behavior with two or more key parameters’
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variation. It can also help to analysis uncertainty and failure rates exist in real manufacturing
process.
Since the output of analysis is the cost, the sensitivity and Monte Carlo analysis in economic
analysis of biopharmaceutical production can be calculated by Visual Basic Analysis or Crystal
Ball (Oracle). In sensitivity analysis, the variation of sensitivity analysis can be determined from
literature resources or experimental data and define best, base and worst case scenarios[79]. As
for Monte Carlo analysis, random values need to be generated based on the distribution defined
by user: uniform, normal and triangular distribution are usually used. In bioprocess with known
best, worst, and base case scenarios, triangular distribution is normally applied [59, 79].
Deterministic cost analysis
Deterministic cost analysis mainly includes calculation of investment capital cost, COG/g and cost
in contributions in different categories, including material, depreciation, and utilities cost. By
comparison of categories, the cost bottleneck of each operation can be found [59, 67, 69, 80].
In both upstream and downstream processing, capital cost, material cost, consumable and labor
cost are important categories of the overall cost and thus have the highest weight compared to other
cost categories. Continuous processing results in smaller footprint by using smaller perfusion
bioreactors with high cell concentration, smaller size of chromatography columns and elimination
of hold tanks between operations [8]. In upstream, understanding and optimizing labor cost and
material cost is very important since labor cost constitutes a large portion of the overall perfusion
COGs/g. Vermasvuori and Hurme [80] showed that among different cost categories, approximately
30 % of the cost is from labor cost for stirred-tank perfusion and hollow fiber perfusion bioreactors.
Regarding the material cost, there are great differences between batch and continuous processing.
In the continuous perfusion process, media is continuously fed into and collected out of the
bioreactor, and in batch or fed-batch process, media is maintained in the bioreactor. Pollock et
al.[59] showed that material costs take 38% of total cost in continuous processing and only take 24
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% in batch processing. The specific cell line used and the media composition greatly affect product
titer and productivity. Under the assumption of keeping the same production rate, selecting a costeffective media is an important consideration [8]. Xu et al. [69] compared the productivity, media
cost among fed-batch, concentrated fed-batch and perfusion bioreactor under same cell line and
media conditions. The result showed that media cost for perfusion process (2.29±0.28 g/L/day)
was lower than that in fed-batch (on day 14, titer 6.8±0.2 g/L) and concentrated fed-batch process
(on day 18, titer 27.5 g/L). This comparison was based on an initial assessment, and media
optimization can also be explored in a future study [69]. Klutz et al. [66] discussed the comparison
between fed-batch operation in fully integrated batch process and perfusion operation in fully
integrated continuous process at 200 kg/yr manufacturing scale. The result showed the COG/g
from perfusion upstream process is 1.2-3.2 higher than fed-batch process due to higher media cost.
In commonly used batch biopharmaceutical manufacturing, up to 80 % of total manufacturing cost
is due to downstream processes [81]. More than 70 % of this downstream cost is dominated by
chromatography and the material cost [82]. In addition, the decision of resin and filter reuse plays
important role in downstream material or consumables cost. Especially in protein A
chromatography, the resin cost is higher than other chromatography options and accounts for a
large portion of the overall raw material cost [83]. From previous literatures, the cost of protein A
resin is 10,000-15,000 $/L and AEX resin cost is 1500 $/L [60]. Thus, many researches focus on
the study of protein A chromatography in order to reduce the resin use in the process or find another
substitute equipment. Torres-Acosta et al. [68] compared the economic cost between
chromatographic purification and aqueous two-phase extraction (ATPS) of uricase, an intracellular
product enzyme, purification in batch mode. The deterministic analysis shows that the
chromatographic option has higher capital cost, consumables cost (where resin cost takes a high
percentage of consumables cost), and lower raw material cost compared to the ATPS method. The
ATPS process can also be applied in continuous mode [84] however no economic analysis has been
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performed yet. Pollock et al. [60] evaluated the periodic counter current (PCC) semi-continuous
chromatography including column design, operation, and economic analysis. They applied
economic analysis to compare PCC chromatography and conventional batch process. The results
showed that at the stage of PoC (proof-of-concept) 4 kg/batch scale model, the PCC method
reduced resin use by 50 % leading to reduction of batch manufacturing direct costs by 31 %. The
three columns system resulted in buffer usage reduction by 39 % in protein A chromatography
operation and reduced overall buffer usage by 12 %. However, the investigators pointed out that
these benefits become less significant as the production scale increases.
Different from upstream and downstream processing, the analysis of integrated processing not only
focuses on overall cost but also analyzes different cost categories in order to evaluate the
contribution of each unit operations to the whole process. Cash flow and net present value are also
analyzed for future decision making. Walther et al. [64] compared integrated continuous
biomanufacturing (ICB) with conventional batch process in mAbs and nonemAbs production. The
publication showed integrated continuous process reduced operation cost by 21 % and capital cost
by 47 % in mAbs production and 80 % and 72 % cost for non-mAb production respectively. The
breakdown cost analysis showed the ICB process has higher upstream filters and media cost but
lower downstream resins cost. In every unit operations, the capital cost is lower compared to
conventional process. NPV results provided information that the ICB platform can obtain benefits
immediately after the manufacturing start. Arnold et al. [71] compared integrated continuous
antibody production with batch processing using experimental and computational results. By
keeping the same annual production rate, the continuous processing has 15 % lower operating cost
in COG/g and the capital cost in continuous processing reduces 50 % comparing to that in batch.
Sensitivity and stochastic cost analysis
Sensitivity analysis can be applied to analyze the effects of process parameters in order to determine
the most important parameters in terms of cost. Bunnak et al. [67] compared fed-batch and
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perfusion operation for mAbs production using sensitivity analysis to identify the most sensitive
parameters in each system. The results indicated that titer, bioreactor working volume, and
perfusion rate are three crucial process parameters to overall COGs/g. It also indicated that
increasing the pooling duration in the process can decrease the overall COGs/g. Longer pooling
duration brings lower frequency of both upstream and downstream processes but larger
downstream equipment needs to be applied as a tradeoff. Another highlight of this work is that the
paper applied life-cycle assessment and used sensitivity analysis to investigate water consumption,
solid waste generation and energy requirement of the process. Table 2.2 1 summarizes the main
variables of perfusion bioreactor, multicolumn chromatography and integrated process that have
been used in sensitivity analysis.
Most commonly, sensitivity analysis is applied using deterministic methods, which involves the
evaluation of cost at a few points of independent variables in a certain range. The method is used
to analyze protein titer and production capacity effects on upstream, downstream and integrated
processing cost in order to compare the flexibility of various operating modes. Bunnak et al. [67]
found as the annual production rate increases from 28 kg/year to 1000 kg/year, the capital cost
contribution to overall COGs/g decreases in both batch and perfusion process and consumables and
materials cost increases. Pollock et al. [59] analyzed production scales and product titers effects on
overall cost with the use of different types of bioreactors. The results showed that as the production
scales increases from 100 kg/yr to 1000 kg/yr, and titer increase from 2 g/L to 10 g/L, the
advantages of perfusion bioreactor becomes less significant. The paper also analyzed the working
conditions of bioreactor such as viable cell density. It shows that as long as the viable cell density
in perfusion bioreactor can be maintained 3 folds of that in fed-batch bioreactor, the ATF perfusion
process will save cost in any scale.
Hammerschmidt et al. [62] compared the integrated hybrid and fully continuous precipitation
process with traditional batch chromatography process. Three operation modes were tested under
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different scales, including development and fully commercial production scale. The result showed
that as the scale increases, the highest cost of batch process shifted from consumable cost to capital
cost. For continuous and hybrid process (batch process upstream with continuous precipitate
downstream), the highest cost shifted from labor cost to material costs. In all scales, hybrid process
has the lowest cost comparing to other operation modes. The study showed that with an increase in
titer capacity from 2 g/L to 10 g/L, the cost of downstream cost contributions increases from 48 %
to 72 % of the overall cost. A similar analysis is also applied to integrated analysis with
multicolumn chromatography downstream process. Pollock et al. [70] showed the comparison
among batch, hybrid and continuous integrated process. The work showed the trend of media and
buffer costs, single-use component cost, chromatography resin and QC/QA cost as the operation
increase from Phase I development scale to commercial scale. In addition to comparing break down
cost of continuous and batch process, the author also analyzed the impact of manufacturing scales
with company sizes in COGs/g of different operation modes. The work provided the analysis of
operational feasibility and evaluated the process environmental effect. It also applied sensitivity
analysis on decision making by calculating an overall aggregated score that is a multi-attribute
decision-making methodology to represent environmental economical and operational robustness
of the system changed by the importance of economic benefits.
Stochastic cost analysis such as Monte Carlo simulation can be applied to evaluate variability and
robustness of the process. Pollock et al. [59] showed that under 500 kg/year annual production rate,
and 5 g/L titer condition, the amount of annual output of ATF perfusion process was higher
comparing to batch process, however, it had lower robustness because of high standard deviations.
ATF perfusion process has lower COG/g than fed-batch, even at the worst-case situation. Walther
et al. [64] applied Monte Carlo analysis to estimate the overall NPV of continuous facility with the
possibility of product or technology transfer success with varying product demand.

24
Furthermore, the sensitivity analysis and Monte Carlo analysis can be applied to evaluate the effect
of parameter optimization. Torres-Acosta et al. [79] applied economic modelling tool to evaluate
royalactin production with aqueous two phase systems. Through sensitivity analysis, the upstream
titer was found as one of the key parameters affecting the cost of production. By evaluating the
optimized process, Monte Carlo analysis shows the distribution of COG/g and decide the most
feasible option to investigate.
These two analyses also play an important role in process selection and decision making. TorresAcosta et al.[85] designed four types of ATPS processes for tetracycline purification and then
optimize the process by sensitivity analysis. For process decision making, Monte Carlo analysis
presented downstream process yield and upstream titers’ effect on COG/g distribution in all the
scenarios. As the result, ATPS formed by cholinium chloride/K3PO4 are selected.
Table 2.2 1 Variables for sensitivity analysis
Operation
Perfusion Bioreactor

Variables
Perfusion runtime, pooling duration, perfusion rate, bioreactor working
volume, protein titer, failure rate [67]

Multicolumn
chromatography

Binding capacity, chromatography yield, number of cycles, protein
titer, A column lifespan, resin, filter capacity, material prices, number
of facility staff. [60, 65]

Integrated process

Protein titer, failure rate, Company sizes, manufacturing scales
(preclinical scale, proof-of-concept scale (phase I, phase II), phase III,
commercial scale) [23, 64, 66]

2.2.2

Design space of biopharmaceutical processes

Design space is defined in the ICH Q8 guidance document as “ the multidimensional combination
of interaction of input variables and process parameters that have been demonstrated to provide
assurance of quality” [86, 87]. These input variables can be process parameters such as temperature,
pH, flow rate, feeding strategies, pressure but also can be materials, size of the equipment. The
product quality is specific to different products and processes as described in Chapter 2. Design
space provides acceptable operating ranges as well as the edge of process failure, which allows the
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operational flexibility and ensures there are no significant quality or regulatory problems during
the operation.
The general approach for defining a design space including 1) define parameters based on prior
knowledge and risk assessment 2) use experiments to determine critical parameters 3) finding
operating ranges by experimental or modeling approaches 4) Validate the design space in
manufacturing operations [87]. In biopharma, current method to obtain the design space is to use
design of experiment (DoE) supporting with statistical analysis and risk analysis tools [88]. For
DoE, central composite design [89] and Plackett-Burman [90] design have been used to investigate
the operating range and provide information for the regression model building. Response surface
modeling [91] or multi-variate analysis[92] are powerful statistical analysis methods that are used
for predictive model building. Risk analysis such as Failure mode and effects analysis (FMEA) [93,
94] and Monte Carlo analysis [91] are applied to ensure the robustness of the design space with
respect to lot to lot differences. However, due to the poor extrapolation of the statistical model, the
DoE has to be wide enough to capture process success to find a reliable process boundary. At the
same time, with the multi-dimensional variables, finding a design space that satisfies all the process
parameters would need a lot of materials and time.
In recent years, the mechanistic model that provides better process understanding and predictability
has been developed. By testing a wide range of parameters and adding process perturbations, the
design space can be well defined [95]. A contour plot can be generated by testing the whole
operating range using mechanistic model. System engineering tools such as sensitivity analysis and
process optimization methods can also apply to both upstream and downstream operations. Global
optimization methods have been used to optimize the operating parameters. For example, Pirrung,
S. et al. [96] built hybrid model for 3 chromatography system and applied process optimization
simultaneously to maximize production yield while maintaining 99.9% minimum purities. Baur, D.
et al. [97] modeled twin-column CaptureSMB optimized process by capacity utilization and
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productivity with constant yield and purity. To define a design space, sensitivity analysis has been
used to investigate the feeding strategies. Kiparissides, A. et al. [98] applied global sensitivity
analysis to identify a feeding regime to maximize mAb production. Kotidis, P. et al. [99] used
constrained global sensitivity analysis explored >8000 feeding strategies in silico and identified
design space to meet required antibody titer and glycan fractions. Although these models reduced
the materials and time that needed through experimental screening, they are still computationally
expensive.
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3

End to End Batch and Continuous Biopharmaceutical
Manufacturing Design

3.1

Background

As discussed in Chapter 1, continuous manufacturing reduces the equipment footprints compared
to the corresponding batch or semi-batch process, and continuous operating mode offers rapid
capacity adjustment and process scaling up. The high demand of the biopharma market brings the
development of continuous manufacturing as a future direction.
In this Chapter, biopharmaceutical manufacturing efforts toward process intensification are
presented and evaluated. Flowsheet modeling is used for plant decision-making, including new
process design, existing process optimization, and novel process evaluation. Detailed integrated
fed-batch (with fed-batch upstream and batch downstream) and continuous processes are developed
to produce mAbs and gene therapy products using Superpro designer (Intelligen, Scotch Plains,
NJ). The analysis considers material balances, process scheduling, and equipment occupancy charts
to enable a comprehensive evaluation of the two alternative production routes. Deterministic cost
including different cost categories is utilized to evaluate the improvement of continuous processing
over fed-batch in base case scenario. Different scenarios are built using sensitivity analysis to
examine the effect of important operating parameters and manufacturing scales on overall
continuous process performance.

3.2

Modeling method

As mentioned in the Chapter 2, three simulation software packages have been commonly used for
cost analysis: SuperPro Designer (Intelligen, Scotch Plains, NJ), Bio-Solve (Biopharm Services,
UK), and Aspen Batch Process Developer (Aspen Technology, Burlington, MA). This process
design and analysis in this study is based on SuperPro Designer.
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SuperPro Designer is a recipe-driven simulation tool that can be used to both batch and continuous
integrated biopharmaceutical manufacturing process modeling. By adding a sequence of tasks in
each unit operations, material and energy balances can be calculated and tracked through the whole
process. Users have an option to choose either the rating or design mode in their process simulation.
Under rating mode, the design parameters of equipment can be set, and different products or
different production rates can be tested in the model for facility fit. Under the design mode, the
maximum equipment dimensions can be set, and the simulator can automatically calculate the
design parameters for users. Process debottlenecking for example reducing the starting time
between two-unit operations can also be achieved in the simulation tool. The software provides
equipment occupancy chart, gantt chart, material consumable chart labor required chart and
throughput analysis to track and analyze detail of process operation. SuperPro designer has the
capacity for business modeling, such as economic analysis, cost of goods analysis and essential
parameters can be adjusted within the model or transferred to Excel for further analysis.
Since Aspen Batch Process developer is specific on batch process and continuous chromatography
and Bio-Solve is specific on economic analysis. SuperPro designer provides flexibility on process
design, facility analysis and process scheduling on both batch, continuous and semi-continuous
processing which is the best fit for both process design and economic analysis. Thus, the model in
this study is built in SuperPro designer simulator, which contains detailed material balance,
cleaning methods and equipment scheduling. Economic analysis and throughput analysis are also
performed in the Superpro designer for process evaluation.

3.3

Economic analysis

Total capital investment and operating cost are two major costs in economic analysis. Total capital
investment which includes direct working capital, startup and validation costs, and direct fixed
capital cost, is calculated based on equipment expenditure. Direct fixed capital contains equipment
purchase cost, installation, piping, instrumentation, insulation, electrical, buildings, auxiliary
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facilities, engineering, construction cost as well as contractor’s fee and contingency. Each cost is
estimated by multiplying a certain coefficient to equipment purchase cost as listed in Table 3.3 1
Economic analysis capital cost estimation following the work of Harrison et al [77].
Table 3.3 1 Economic analysis capital cost estimation
Cost item
Piping
Instrumentation
Insulation
Electrical facilities
Buildings
Yard improvement
Auxiliary
Engineering
Construction
Contractor’s fee
Contingency
Startup and validation

Multiplier
0.35
0.35
0.03
0.15
0.45
0.15
0.5
0.25
0.35
0.05
0.10
20%

The cost of equipment is evaluated based on literature and vendor resources. Working capital
represents the assets that must be available to ensure the facility processing and includes 1 month
of labor, raw material cost, utilities and waste treatment cost. Scaling rate is applied to estimate
capital cost as shown in Eq. 3.3.1.
size2 a
C2 = C1 ∙ (
)
size1

3.3.1

The operating cost contains material, consumables, utilities, labor-depended, quality control (QC)
and quality assurance (QA) cost and facility dependent cost (including the cost related to use of
facility: equipment maintenance, depreciation of the facility and miscellaneous cost). Material and
consumables costs are referenced from literature and online vendor resources. QC/QA cost is
estimated as 15% of total labor cost. The total operating cost of the product ($/g) is also named as
cost of goods per gram (COG/g) and it is usually used to calculate operating cost per unit of

30
production. In this paper, we redefine the COG/g as shown in Equation (3.3.2) and consider both
total capital investment and operating cost.

Total capital investment $
$
(yr) + Annual operating cost(yr)
Years of operation
COG =
g
Annual production rate (yr)

3.4

(3.3.2)

Case study 1 mAb production

Monoclonal antibody (mAbs) are used for the treatment of cancers, autoimmune diseases,
inflammatory, infectious, and microbial diseases[102]. mAbs are widely used with four out of the
top five therapeutic proteins being mAbs and among all the therapeutic proteins, mAbs count for
almost half of the selling amounts [103]. It is also predicted that the mAbs market size will be worth
$138.6 Billion by the year 2024 [102]. As a highly demanded biological product, the market and
development of mAbs are rapidly grown in recent years – four new products are approved every
year and 78 have been approved from 2017 [104].
In this case study, fed-batch and continuous mAb production lines are designed to evaluate benefits
of continuous operations. Different analysis approaches including deterministic cost analysis,
sensitivity analysis are used to discover the possibilities and challenges of continuous applications
in future biopharmaceutical manufacturing.

3.4.1

Process description

Biopharmaceutical manufacturing for mAbs production contains the following steps: inoculation,
cell cultural and protein production, clarification, primary capture, polishing, and final formulation.
Error! Reference source not found. and Error! Reference source not found. provide process op
eration flowsheets for fed-batch and continuous processes respectively. Inoculation process is
applied to cell culture scale up by using a series of cell culture passages [105] such as test tube, T
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flasks, shake flasks or seed cell culture bioreactor which are shown in Error! Reference source not f
ound.. The purpose of this step is to grow the cells to certain density and viability before transferring
them to production bioreactor. From literature, inoculation cell density ranges between 0.2-1x106
cells/ml [106-110]. Some publications show that the density can reach as high as 2-3 x106 cells/ml
[111]. In this paper, 1.5x106 cells/ml is considered as the peak cell density in inoculation bioreactor.
Fed-batch and continuous processes share the similar inoculation bioreactor. Extracellular protein
such as mAbs is traditionally produced in fed-batch production bioreactor under temperature 36.537 ℃, with dissolved oxygen 30-50%. Production media, antifoam are added at the beginning of
the operation with adjusted dissolved oxygen concentration, and pH. Then cells from inoculation
are transferred to production bioreactor. When the cell concentration reaches 0.7 x10 6 cells/ml,
nutrients, such as glucose, Hy-Soy are added. Nutrients, base, process air and antifoams are added
based on the culture requirements. In this way, the bioreactor is actually operated as fed-batch
bioreactor with additional nutrient addition. In the fed-batch model, the cell culture can last for 14
days with the titer of 1.5 g/L. The cell density is assumed 5.5x106 cells/ml at the end of the cell
culture and productivity is calculated as 0.107 g/L/day with cell specific productivity 37 pg/cell/day.
After the fermentation, material from bioreactor is transferred to centrifuge, where biomass and
most impurities are removed. Before transferring the product to the primary capture step for further
purification, several filtration steps need to be considered to remove the remaining cells in the
solution and protect protein A column and resin from contamination and clogging. In industrial
manufacturing, purification through protein A column is one of the most important steps in
downstream processing, which removes most of the impurities such as host cell protein (HCP),
DNA, media component and virus particles [112]. The primary capture operation contains the
following procedures:
1) Pre-sanitization and pre-equilibrium: using acidic buffer, alkaline buffer, salt buffer and water
to wash and activate resin;
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2) Equilibrium: salt buffer sodium chloride and sodium phosphate are applied to adjust pH and
prepare for protein loading. This step prevents the protein aggregation and deactivation during
loading process;
3) Loading: protein binds to the resin with little amount of impurities during this step, and most
of the impurities, water, and unused media is removed in flow through;
4) Washing: salt buffer sodium chloride and sodium phosphate are used to remove unbonded
impurities and residuals;
5) Elution: protein product with minor impurities are recovered from resin and transported to the
next step by using acid salt;
6) Regeneration and final wash: acid and alkaline buffer are used to remove protein and impurities
left inside of column.
During the primary capture, the column usually runs for several cycles to finish the purification of
one batch. This is done since a large amount of protein is produced from the bioreactor, and the
capacity of protein A column is limited by resin binding capacity (30 g/L). Due to the protein loss
during loading, washing and elution steps, the protein yield of this unit operation is assumed 95%.
By adding acid, virus inactivation of elution proceeds in blending tank for 1 hour to prevent virus
growth. Alkaline buffer is then added to neutralize the solution pH and followed by diafiltration to
prepare for polishing step. Anion exchange chromatography (AEX) working under flow-through
mode is used for polishing step to remove the residual impurities, such as DNA, and final
formulation is realized by ultrafiltration and diafiltration. In the model, ultrafiltration and
diafiltration are operated in the same equipment, and protein concentration is adjusted during these
operations. In fed-batch process, pooling tank needs to be used between each unit operations to
maintain the process sequencing and free up expensive or time-consuming unit operations [113].
Steaming in place (SIP) and cleaning in place (CIP) are also applied and scheduled before and after
equipment usage, including seed bioreactor, production bioreactor, storage tanks, virus inactivation
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tanks, diafiltration, and ultrafiltration. It is need to point out that Figure 3.4 1 and Figure 3.4 2 only
show the main operations in the two processes operations. Pooling tanks, filters are not included in
these figures but are considered in the simulation.

Figure 3.4 1 Fed-batch process flowsheet for monoclonal antibody production
In perfusion bioreactor, high cell densities can be achieved using continuous fresh nutrient fed and
continuous product, by-product, and waste removed from bioreactor. Under this mode of operation,
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the percentage of cell viability, product quality, and volumetric productivity can be improved
compared to fed-batch process. It is reported that cell density of perfusion bioreactor can reach 2060x106 cells/ml and most cell density of perfusion reactions are within this range[59, 66, 109-111,
114-116]. Walther et al. [64] achieved density as high as 100x106 cells/ml with an annual
production rate of 1236 kg/yr. The perfusion bioreactor viable cell density chosen for this paper is
60x106 cells/ml with volumetric productivity of 1.68 g/L/day and cell specific productivity 28
pg/cell/day. Chotteau et al. [111] found that the product quality varies during the early stage of the
bioreactor culture and productive stage. The product harvests should be started a few days after the
system reaching cell density target. However, the time should be balanced against the overall
productivity in manufacturing process. In this, 4 days are considered as the setup time before the
cell cultural reaching steady state. However, the protein lost during this period is not considered.
0.02 um Tangential Flow Filtration (TFF) is connected to perfusion bioreactor which is used to
separate cells from liquid product and return cells to fermentation. Cell bleeding which is used to
maintain cell density in perfusion bioreactor is not included in this system and the cell density is
assumed constant. The fermentation lasts for 24 days even though some papers use up to 60 days
[59, 64, 110]. Filter clogging, and fouling may occur during perfusion so maintaining proper
operation can reduce the failure of bioreactors. Similar to batch processes, filters are also added
before the periodic countercurrent protein A column (PCC) for primary capture. Blending storage
tank is designed to distribute the product to different columns. Four columns work in parallel which
mostly increase the resin usage and reduce the protein loss and buffer consumption. The resin
binding capacity for PCC process is 60 g/L. A pooling tank is installed right after the protein A
column to collect the protein before transferring the product to virus inactivation. Two virus
inactivation tanks work alternatively i.e. one tank is working under acidic inactivation while the
other is cleaning. Two static mixers and pH adjusters are applied before and after the inactivation
tanks. Similarly, two AEX columns also work alternatively to achieve continuous polishing. Before
the polishing step, countercurrent staged defiltration is applied for continuous buffer exchange with

35
5 diafiltration volumes which replace nearly all of the buffer and salt by sodium phosphate [117].
Nanofiltration removes virus in the product. Protein is further concentrated by using staged single
pass tangential flow filtration (SPTFF) and buffers are exchanged by using countercurrent staged
diafiltration. The lifetime of membrane in filtration is assumed to be 10 cycles. Casey et al. [118]
applied high concentration SPTFF cycles testing and approved that the ultrafiltration can complete
10 cycles successfully and concentrate IgG from 45 g/L to 200 g/L. In this paper, the continuous
system only requires protein concentrate from 11 g/L to 30 g/L. Thus applying 10 cycles lifetime
might result in an over estimation of the consumable cost. Since all the processes operate in a
continuous mode under lower flow rate, no large pooling tanks are needed between unit operations.
The most important operating parameters are summarized in Table 3.4 1. The maximum operating
time of the two processes is 330 days/yr.
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Figure 3.4 2 Continuous process flowsheet for monoclonal antibody production
Table 3.4 1 Operating conditions

Inoculation cell density (seed)

Fed-batch Processing

Continuous Processing

1.5x106 cells/ml

1.5x106 cells/ml
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Bioreactor cell density

5.5x106 cells/ml

6 x107 cells/ml

15000 L

3000 L

(production)
Max bioreactor volume set
Perfusion rate

1 vvd

Downstream yield

75%

75%

Cell cultural time

14 days

24 days

The annual number of batch
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9

Annual production rate

618 kg/yr

624 kg/yr

In downstream process, the yield of each unit operation is shown in Table 3.4 2. The yield for both
batch and continuous downstream process is 75%.
Table 3.4 2 Downstream unit operations yield
Clarification

Primary
capture

Virus

Diafiltration

Polishing

inactivation

Virus

Final

removal

filtration

Batch

99%

96%

95%

96%

95%

98%

95%

Continuous

99%

98%

95%

91%

95%

98%

96%

Equipment occupancy charts are shown in Figure 3.4 3 and Figure 3.4 4. One equipment is chosen
to represent each unit operation to simplify the results’ presentation. For example, in Figure 3.4 3,
the inoculation bioreactor is shown to represent inoculation process while the inoculation flasks,
and tubes are not shown in the chart. In fed-batch process, the operation starts right after the
previous operation finished. In continuous process, all the major steps of operations start almost at
the same time, except the inoculation and CIP and SIP processes. The annual production rate can
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be reached by using multiple equipment in fed-batch process. It is found that, process bottleneck
of fed-batch process is in upstream, thus, two seeds bioreactors and four production bioreactors
work in parallel and each of those bioreactors start a new batch to reduce the time between
consecutive batches. In this case, the number of equipment utilization between fed-batch and
continuous processes is different. Scheduling is also applied to adjust the order of each procedure
in different unit operations. For example, in both fed-batch and continuous processes, product
transferring in task is manually linked to the product transferring out task from previous operation.
In continuous process, the operation needs to be performed continuously under the same time
period as the previous operation. CIP and SIP are manually adjusted so that maximum numbers of
operations can be fitted to the minimum amount of CIP and SIP units.

Figure 3.4 3 Equipment occupancy chart for the fed-batch process (SBR: inoculation bioreactor,
BR: production bioreactor, DS: centrifuge, C-101: protein A column in primary capture, V104 and
V111: virus inactivation tank, DF-101: diafiltration, C-102: AEX column, DE: virus removal, DF102: diafiltration and ultrafiltration)

39

Figure 3.4 4 Equipment occupancy chart for the continuous process (SBR: inoculation bioreactor,
BR: production bioreactor, DS: centrifuge, C-101: one protein A column in primary capture, V110:
virus inactivation tank, UF-111: diafiltration, C-104: AEX column, DE: virus removal, UF-101:
ultrafiltration, UF-107: diafiltration)
As for economic analysis, the most important prices and parameters that can be used in economic
analysis are listed in the Table 3.4 3. Regarding the selling price, the prices of monoclonal
antibodies that are approved by the FDA from the year 1997 to 2016 are shown in Figure 3.4 5
[119]. It can be noticed that most of the prices are below 100 $/mg. 20 $/mg is assumed as selling
price in base case scenario which represents the average selling prices of drugs below 100$/mg.

Figure 3.4 5 Monoclonal antibody price approved from 1997 to 2016 (The figure is plotted based
on literature data) [119]
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Table 3.4 3 Unit prices
Equipment
Bioreactor
Centrifuge
Filtration skid
(applied to all dead end
filter)
Xcell ATF 10
Chromatography
PH and concentration
adjustment
SPTFF

Ref. Size
2000 L
40 L/min
1 m^2

Ref. Cost
$716,024*
$760,000*
$8057*

Ref. Year
2016
2015
2015

Index
0.6
0.25
0.58

Reference
Liu et al.1
Klutz et al.2
Klutz et al.2

1 item
D=1m
1 item

$180,000
$198896*
$14039

2013
2016
2015

0.8

Pollock et al.3
Liu et al.1
Kultz et al.2

0.12 m2

$5428

2018

0.8

Calculated from
Pall Company
website

*calculated cost with currency conversion
Consumables cost
Clarification
membrane
(applied to process
after cell
clarification)
Xcell ATF 10
consumable cost
Protein A Resin cost
(batch)

Cost
776 $/m2

Reference
Klutz et al.2

$16,300

Pollock et al.3
Liu et al.1

Protein A resin cost
(cont.)

30g/L, 7484*
$/L
100 cycles
60g/L, 18120
$/L

UF membrane

981 $/m2

Li,Y. and
Venkatasubramanian,
V4

AEX resin cost

819* $/L 100
cycles
4137 * $/L

Liu et al.1

Sterile filtration
membrane

Assumptions
Batch: replace every cycle
Continuous: replace every
day

300 cycle number is
assumed

Klutz et al.2

Disposable cost
Membrane and
filter

Cost
2 $/m2

Reference
Assumed

Waste water
Plastics
Bioreactor
disposal

0.05 $/kg
9.3 $/kg
0.320.35$/kg

Klutz et al.2
Klutz et al. 2

Batch: replace every 25
cycles
Continuous: replace every
10 cycles

Batch: replace every cycle
Continuous: replace every
60 hrs

Klutz et al.2 Mentioned the membrane and
filter disposable costs is 10 Eruo/module by
assumption
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Sensitivity analysis is also used to evaluate the effect of different parameters considered in
simulating the continuous process. Parameters considered are the upstream titers, downstream
yields and manufacturing scales to the overall process economic benefits. In fed-batch and
continuous processes, most facilities are interconnected and the operating time of one procedure is
scheduled depending on another process. Due to the complexity of the process, different scenarios
are designed for process evaluation. For upstream titer analysis, facility size is kept constant while
titer varies from 1.5 g/L to 5.5 g/L. The downstream yield in the base case scenario is 75%.
Different scenarios with yield of 80%, 85%, and 90% are analyzed for fed-batch and continuous
process. For plant capacity analysis, the facility size varies from 50 g/L to 1200 g/L and all the
other operating conditions are kept constant.

3.4.2

Cost comparison: fed-batch and continuous processes

This section provides the comparison between fed-batch and continuous processes based on the
base case scenario where the production rate is adjusted to 620 kg/yr and selling price of mAb is
assumed $20/mg based on the analysis in Figure 3.4 5. The analysis includes capital investment
cost and operating cost with cost breakdowns for both operating modes. The result shows that the
overall capital cost in fed-batch process is $165 million, which is 3 times that of continuous process
($53 million). The real plant cost can exceed the cost calculated due to the levels of details
considered in the process, for example, buffer preparation tanks and transfer panels that are not
built in the model. The operating cost of fed-batch and continuous processes are $61 million/yr and
$32 million/yr, respectively. The overall cost of fed-batch mode is $99/g and that of the continuous
mode is $61/g. Under the assumption of 15 years’ project with 3 years’ facilities construction and
with 7% interest, the net present value difference between fed-batch and continuous process is $720
million.
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Figure 3.4 6 Cost of each unit operation in fed-batch Figure 3.4 7 Cost of each unit operation in
process
continuous process
Figure 3.4 6 and Figure 3.4 7 show the cost of different unit operations in fed-batch and continuous
processing, respectively. The upstream cell culture unit operation contributes as high as 51% of the
overall batch process and inoculation contributes 22%, which are mainly due to the high capital
cost of the two unit operations. In order to reduce the time between consecutive batches and achieve
620 kg/yr annual production rate, 2x2 inoculation bioreactors (2 different bioreactors and 2 pieces
each) are used in inoculation operation and 4 production bioreactors are used in cell culture. Labors
are also scheduled to each of the bioreactor. With multiple inoculation bioreactors and 15000L
bioreactors, the facility dependent and labor cost result in 74% cost for the inoculation operation
and 63% for the cell culture. Comparing to fed-batch process, continuous process reduces the
number of bioreactors to two inoculation bioreactors and 1 perfusion production bioreactor. In
addition, the size of production bioreactor also decreases from 15000L to 2800L. Thus, the facility
dependent cost and labor cost in continuous process significantly decreases in comparison to fedbatch. As a result, the upstream cost in continuous process is reduced to one half of original cost.
However, upstream unit operations still occupy the highest portion of overall cost. Material costs
are another major cost in upstream unit operation in both processes which take 31% of the cell
culture cost in fed-batch process and 75% of that in continuous. This is because of low volumetric
productivity (0.107 g/L/day) and low culture medium conversion rate in fed-batch bioreactor. In
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continuous process, the volumetric productivity increases to 1.68 g/L/day. However, due to the
usage of same culture medium, it assumes that there is no significant increasing of medium
conversion rate in perfusion process. From the simulation result, the material cost in perfusion
process does not account to significant savings to the overall cost.
Continuous processing not only has benefit in upstream operations but also in downstream
operations. Figure 3.4 8 compares the COG/g of different unit operations in fed-batch and
continuous processing. Continuous process reduces the primary capture by two folds, which
accounts for the highest portion of the downstream cost in both operating modes. In the primary
capture step, the size of protein A column reduces from 286L to 4 columns of 3.14L which
decreases the capital cost and facility dependent cost. The PCC system has internal connection
between the protein A columns, which improves the protein yield and resin utilization during this
step. Thus, material cost from equilibrium, washing, elution and regeneration buffers is also
reduced. In addition, the PCC step uses more expensive resin but provides higher resin binding
capacity and life cycles, which compensates the high unit price. Above all, most savings are
achieved from the cost reduction of protein A resin which is only 28.4% of that in fed-batch process.
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Cost of goods ($/g)
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Figure 3.4 8 COG of fed-batch and continuous upstream downstream unit operation
However, not all the unit operations in continuous process contribute to cost savings over fed-batch
process. Virus inactivation and polishing operations have higher COG/g than batch process as
shown in Figure 3.4 8. In virus inactivation process, two tanks work alternatively in a way that as
one tank is under cleaning, the other one is working under low pH virus inactivation. Similarly,
two AEX columns are used in polishing step.

In these two steps, there is no significant

improvement of process operations. Although the size of equipment decreases in both unit
operations, labor cost increases due to requirement of continuous operations. There are also no
significant savings of final filtration step in continuous process. The final filtration contains not
only the ultrafiltration and diafitration steps but also sterilize filter and final packaging, so that
additional labors are assigned in this process. Thus, labor cost of filtration in continuous process is
higher than that of batch. However, material cost in this operation is reduced which compensates
the labor cost, thus, no significant savings can be observed. Figure 3.4 9 shows the cost comparison
between fed-batch and continuous processes for all different cost categories. The main benefits of
continuous process are due to capital cost investment and facility dependent cost, which are caused
by the smaller footprint of all the unit operations through the process. In addition, large storage
tanks are not used in continuous processing [71] that results on lower operating and capital cost.
Consumables cost is also reduced by the resin cost savings in primary capture operation as
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explained in the previous paragraph. Even though continuous process shows savings on material
and labor cost, the savings are not as apparent as that of facility dependent cost and consumables
cost. In fed-batch process, each equipment is assigned one or two units of labors and is assumed
that labor is needed only at the time of operation. In the continuous process, considering the
automations used in the system, one or two labors are assigned to each unit operation that contains
many equipment. However, the continuous process is running continuously, which means multiple
labor units have to be occupied from start to the end of the process with shifts. Material cost is
mainly due to upstream cell culture process. Perfusion method provides a capability of upstream
operation with wilder utilization of cell lines and continuously adding culture medium. Thus,
improving the conversion or utilization of medium by using different cell lines or medium will
reduce the material cost per gram of product[109, 120, 121].
45

Cost of goods ($/g)

40
35
30
25
20
15
10
5
0
CapEx

Mat.

Lab-dep
Batch

Facility-Dep

Lab/QC/QA

Consumables

Continuous

Figure 3.4 9 Cost of goods analysis between fed-batch and continuous

3.4.3

Sensitivity analysis

The parameter fluctuations and variations are very common in biopharmaceutical manufacturing.
For example, upstream titers are varied by different cell lines and media used. Consumptions, such
as resin and membranes, their life cycles, membrane capabilities, yields and costs are changed with
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market perturbation and types of product produced. Thus, uncertainty and sensitivity analysis can
be used to investigate the impact of variable parameters inputs on the final result [58]. In this section
the analysis is focused on the uncertainty and sensitivity analysis of plant capacity, upstream titer
and downstream yield on the overall economic analysis.
3.4.3.1

Throughput analysis

The throughput analysis is used to evaluate the plant capacity effect on production cost in fed-batch
and continuous processes as shown in Figure 3.4 10, and the capacity ranges from 50 kg/yr to 1200
kg/yr. It shows that as the plant capacity increases, the unit operating cost ($/g) of product decreases
both in fed-batch and continuous processes. In both operating modes, the labor dependent and
QC/QA cost decrease significantly as plant capacity increases. This is mainly due to labor
dependent cost, which is scale independent. With annual production rate increasing, the averaged
labor dependent cost per unit of protein production decreases. For example, the labor dependent
cost in continuous process ($6.51 million) remains constant in all plant capacities. However, as the
throughput increases from 50 to 1200 kg/yr, the unit labor dependent cost decreases from $130.14/g
to $5.50/g. Furthermore, facility dependent cost which depends on labor cost and capital cost
decreases. It also shows that, consumables, QC/QA costs decreases. There is material cost savings
which is not obvious, and the main reason is that the material cost is dominated by cell culture
medium which is independent to the plant capacity.
Comparing to the fed-batch process, the benefit of the continuous process becomes less significant
as plant capacity increases. As explained in the previous paragraph, the cost savings are mainly
from facility dependent cost and labor cost. The operating costs of different unit operations that are
dominated by these two types of costs will be reduced the most. From Figure 3.4 11, upstream cost
savings are more significant in fed-batch process and downstream cost savings are more significant
in continuous process. However, among the total cost, upstream cost takes up a higher portion than
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downstream. Thus, the cost saving from fed-batch process is more significant as the plant capacity
increases.

Operating cost of goods ($/g)
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Figure 3.4 10 Manufacturing scales change vs. COG/g change
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Figure 3.4 11 A comparison between fed-batch and continuous cost on unit operations among the
different plant capacity
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3.4.3.2

Upstream titer analysis

Titers represent the concentration of protein product harvested from production bioreactor.
Development of upstream process, improvement of seed bioreactor, and the choices of cultural
media and cell lines increase the titers in bioreactors which will improve the upstream productivity,
and this will affect downstream operating cycles, times and consumables used. Due to the number
of interconnections and scheduling among the equipment in fed-batch and continuous system,
increasing the upstream titer will cause process rescheduling and system conflicts. Thus, multiple
scenarios with different titers are designed for the upstream titer analysis.
In Figure 3.4 12, the simulation results for fed-batch and continuous processing are compared under
different upstream titers in different scenarios: 1.5 g/L (scenario 1), 2.5 g/L (scenario 2) and 5.5
g/L (scenario 3). It shows that, with increasing titer, the overall operating cost per unit product ($/g)
decreases in both operating modes. With titer ranging from 1.5 g/L to 5.5 g/L, the operating cost
($/g) of fed-batch process is reduced by 58%, and the continuous process is reduced by 50%. This
is due to the increasing annual production rates of the two operation modes, shown in Table 3.4 4.
Under the same upstream operating conditions, the increase of upstream productivity shifts the
bottleneck of the process from upstream to downstream. Since facility sizing remains constant
through all scenarios, to purify more protein, more cycles need to be used in major purification
operations. From scenario 1 to scenario 3, the fed-batch upstream productivity increases from 17.1
kg/batch to 62.7 kg/batch, and the number of protein A column cycle increase from 2 cycles to 7
cycles and the unit operating time increases from 0.62 days to 1.83 days. To prevent product
overflow, hold vessels that are used between unit operations, and virus inactivation tanks need to
be operated in cycles. Thus, the overall annual batch numbers decrease from 48 cycles to 45 cycles.
Similarly, in continuous process, with titer increasing, primary capture step is also the bottleneck.
Since upstream production rate increases from 109 kg/batch to 398 kg/batch, the PCC cycle
numbers increase from 127 cycles to 468 cycles, which causes the operating time to increase from
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24 days to 73 days. Thus, the overall working cycles reduce from 9 batches to 3 batches. For this
case, continuous processing has less annual protein production rate, so cost savings are not as
significant as for the fed-batch process.
Table 3.4 4 Annual production rate of fed-batch and continuous process with different upstream
titers
Upstream titer

Fed-batch production rate (kg/yr)

Continuous production rate (kg/L)

1.5 g/L

618.16

620.00

2.5 g/L

987.00

776.98

5.5 g/L

1227.00

856.58

120.00

Operating cost ($/g)

100.00
80.00
60.00
40.00
20.00
0.00
1.5 Batch

1.5 cont.

2.5 batch

2.5 cont.

5.5 batch

5.5 conti.

Upstream titer (g/L)
upstream

downstream

Figure 3.4 12 A comparison between fed-batch and continuous operating cost with different
upstream titer
Even though cost savings in fed-batch process becomes more significant as titer increases, the
operating cost per unit of fed-batch product is still higher than that of continuous. This is mainly
due to facility-dependent cost and consumables cost of continuous operations being 3 times lesser
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than that of fed-batch. It is also interesting to show that as titer increases, the cost ratio between
upstream and downstream increases in fed-batch operations but decreases in continuous operations.
It indicates that, continuous downstream unit operations are more sensitive to the titer in upstream
and as titer increases, the process bottleneck will shift from upstream to downstream. To improve
the productivity and flexibility of continuous processing, multiple downstream facilities should run
in parallel or larger facilities need to be used. Since continuous primary capture uses 4 columns of
3.14 L, either adding another set of PCC operation or increasing the column sizes is cost effective.
Thus, the operating cost of continuous process can be further reduced. Hammerschmidt et al. [62]
considered fed-batch plus the chromatography system and perfusion plus the precipitation system
and compared the cost of goods for different upstream titer. The results showed that for the fedbatch system, as titer increased, the ratio between upstream and downstream decreased which
means the cost shifts from upstream to downstream. However, this result is opposite to what we
obtained. It needs to be highlighted that, the facility size in Hammerschmidt et al. analysis is varied
with titer while it is kept constant in this paper. By varying facility sizes, increasing the upstream
titer also shifts operating cost from upstream to downstream in fed-batch and continuous processes.
3.4.3.3

Downstream yield

Different operating scenarios are designed to analyze downstream yield effect on operating cost in
both fed-batch and continuous processes. Downstream yield in base case scenario is 75% and
downstream yield variations range from 70% to 80% while the facility sizes are kept constant. In
fed-batch and continuous processes, different downstream unit operations have different yield. In
order to decrease the overall yield, among all the downstream unit operations, highest operation
yields are decreased. Similarly, in order to increase the yield, lowest operation yields are adjusted
and increased.
As downstream yield increases, the overall operating cost decreases, shown in Figure S3. When
yield increases, the annual production rate increases. Thus, the utilization of equipment increases
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and the unit operating cost increases. However, when the operating yield reaches 80%, the size of
holding tank in fed-batch process is not large enough to maintain the operating volume. Here, the
number of operating cycles is increased and the total operating time per batch also increases. Thus,
the cost savings in operating cost from downstream yield 75% to 80% is not as much as that from
70% to 75%. In continuous process, cost savings can be observed with an increase in downstream
yield. However, there are no obvious changes or cost shifts between upstream and downstream.
The cost savings of continuous process decreases is not compared to fed-batch process, which
shows that the continuous process is not as sensitive as fed-batch.

3.4.4

Conclusion and future work

This case study highlights efforts in biopharmaceutical manufacturing towards process
intensification highlighting the advantages of alternative process units and continuous operating
mode. It provides a comprehensive comparison of traditional fed-batch process as it compares with
intensified continuous operation in biopharmaceutical manufacturing by using economic metrics
and sensitivity analysis. From base case scenario, with 620 kg/yr annual production rate, continuous
process, with small footprint and high automations, reduces capital cost, facility dependent cost
and labor cost significantly compared to fed-batch process. Consumables and material costs of
continuous process are also reduced, mainly because the resin utilization in continuous process is
increased, and with small footprint, the buffer usage for downstream cleaning and primary capture
is also reduced. From sensitivity analysis, scenarios are designed to compare fed-batch and
continuous processes with different operating conditions, including, various plant capacities,
upstream titers and downstream yield. Results show that, as plant capacity increases (from 50 kg/yr
to 1200 kg/yr), operating cost in both fed-batch and continuous processes decreases and cost in
continuous process is lower than that of fed-batch process in all ranges. Similarly, as titer increases
or downstream yield increases, the operating costs also decreases. Increasing upstream titers shifts
the process bottleneck from upstream to downstream, especially primary capture step, which causes
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longer downstream operating time. In continuous process, adding another downstream line or
increasing size of primary capture column can resolve bottleneck cost-effectively.
Several assumptions are made in this model to simplify the process and calculations. In upstream
process, same inoculation operation is used in both fed-batch and continuous processing. In recent
years, researchers have been working on inoculation operation by using N-1 perfusion inoculation
bioreactor that has high-density seeding, followed by fed-batch bioreactor. The method may
increase the inoculation cell density, reduce the production bioreactor fermentation time and
improve the production capacity and product quality [106, 122]. In addition, most of the cleaning
recipes in continuous process are modified and similar actions are done in the fed-batch process.
Total operating times per batch in continuous process and cycle numbers are calculated based on
unit operation running time but not optimized. Failure rate and contaminations are not considered
in the production bioreactor section in this work. Since perfusion bioreactor contains external filters
and cells are recycled back to the fermenter, the contamination chance in perfusion process should
be higher than that of fed-batch process. Filter clogging, and fouling can also cause process failure.
However, when process failure happens, the whole batch of product needs to be disposed in the
fed-batch processing, however in continuous process, only the product affected by the failure
should be discarded.
Instead of economic benefits, continuous biopharmaceutical processing shows advantages in the
area of production system standardization, process flexibility, scaling, product quality, and it is
available to use single-use technology. The development of continuous process is also under a good
regulatory condition. In 2011, US Food and Drug Administration’s strategic plans[123] pointed out
that the continuous manufacture of biologicals is encouraged[124] and the product quality can be
improved by using Quality by Design (QbD). FDA has also confirmed that the continuous process
offers advantages in development and manufacturing[125]. Continuous biopharmaceutical
processing allows rapid capacity adjustment by adjusting the number of parallel production lines[8].
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The duration of production can also be changed based on the requirement of certain product. Since
the continuous processing reduces the total time that product stays inside of production line,
especially in the bioreactor, both stable and non-stale protein product can also be produced in
multiproduct continuous facilities so that implement process standardization. More important, the
decreased residence time in bioreactor and elimination of intermediate hold steps improve the
product quality by reducing the risk of product degradation and post secretion enzymatic
modification. With the uniformed microenvironment control, the continuous processing also
minimizes the product variability[126].

In addition, scales in continuous processing are

equivalence for pilot, clinical and commercial production, which increases the speeding of scale up
and minimizes the technology transfer. However, challenges are also come along with those
benefits. The integrated fully continuous processing requires high degree of automation with
minimal operator involvement. While different vendors share different control system which
increases integration difficulty[8].
For future work, the continuous process needs to be optimized, with respect to the batch time,
number of operating cycles, process lines and facility sizes, with consideration of process failure
rate. Single-use methods also need to be involved in the analysis. In single-use system, cleaning
such as CIP and SIP do not need to be used which reduces buffer and energy consumption. However,
the single-use equipment needs to be replaced and disposed. In addition, it also has the limitation
of facility sizes, for example, production bioreactor is limited under 2000 L. Thus, including all the
above considerations, a more realistic and cost-effective integrated continuous process model can
be built.

3.5

Case study 2 rAAV production

It has been reported that, till the year 2019, there were 22 gene therapy products approved for
human diseases worldwide [127]. From year the 2018 to 2021, US FDA approved 19 gene/cell
therapy products [128]. The global gene therapy market is estimated to grow from UDS 3.8 billion
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in 2019 to USD 12.0 billion by 2024 [129]. As an emerging biological product, gene therapy has
capability to make site-specific modifications of human genomes and can be used in the treatment
of monogenic disease, cancer, cardiovascular diseases, infectious, degenerative arthritis, ocular
diseases [127]. The idea of gene therapy is to change original human genes to target genes which
includes gene insertions, deletions, target modifications, amplifications and translocations.
However, in order to successfully deliver the genes to target cells, finding a molecular carrier that
can efficiently release genes without immunes response is critical. Viral vectors are the most
important microcarrier with approved efficacy [3]. Recombinant adeno-associated virus (rAAV)
is one of the most widely used viral vectors and three approved drugs Glybera (Alipogene
Tiparvovec),

Luxturna

(Voretigene

neparvovec-rzyl)

and

Zolgensma

(Onasemnogene

Abeparvovec-xior) are produced based on rAAV [127]. From the 2017 report, among 483 gene
therapy vectors in development, 103 are AAV based [130]. Although many clinical trials using
gene therapy process have been performed, building a large-scale manufacturing process is still a
major challenge at the current stage[131].
In this section, flowsheet modeling will be used to design an rAAV manufacturing process for both
batch and continuous operation and show the modeling capabilities in cutting-edge product design.
Economic analysis is used to obtain capital and operating costs for each process and scenario study
is going to apply to evaluate plant capabilities under different scales.

3.5.1

Process description

Like mAbs production, rAAV production also includes upstream and downstream, where upstream
mainly focus on rAAV production and downstream is used for impurities removal. For upstream,
there are three ways to replicate and pack the rAAV with the target genes 1) mammalian cell with
helper virus, 2) mammalian cells with helper free transfection 3) insect cell with baculovirus, as
shown in Figure 3.5 1. In general, rAAV vectors plasmid that is containing transgene needs to be
co-transfected with regulatory (rep) and structural capsid (cap) genes to the packaging cell line
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(mammalian cell). During this step, helper virus will be added to maintain replication of the
transgenes. However, this method usually brings contaminations by helper virus which will further
complicate the downstream purification. Another approach is to encode the transgenes, rep and cap
to baculovirus and transfer them to insect cells such as Sf9 cell line. Although the baculovirus
method can potentially scale up to a large manufacturing process with high productivity, it still has
a long clinical time and brings baculovirus contamination. Compared to helper virus and
baculovirus, helper free transfection (triple transfection) is promising to be used because it has
capabilities to achieve fast transfection, produce different rAAV stereotypes while does not add
extra contaminations to downstream. For this process, three plasmids that contain a transgene,
rap,cap gene and adenovirus helper gene respectively with ratio 1:1.5:2 are used for co-transfection
[131].
rAAV is an intracellular product thus needs to be lysed after the cell culture. One option is to
harvest the cells first and then lyse them. Another approach is to lyse the cells directly. During the
cell culture, part of the rAAV is secreted to the culture media. Thus, even though cells are lysed
after the harvest, it still has to be combined with the culture media before the further purification.
In our case study, the cells with media are directly removed from the bioreactor to the next unit
operation for cell lysis and product clarification. After the cell lysis, benzenes are added to remove
host DNA and RNA. Three filtration steps are then used to remove cell debris, host cell proteins
(HCP), large impurities, and further concentrate the product. To prepare for the chromatography
operation, product buffer is exchanged using diafiltration. The rest impurities are majorly removed
by two chromatography, affinity chromatography and anion exchange chromatography. Finally,
ultrafiltration and diafiltration are used for the final formulation. It needs to mention that,
ultracentrifugation has been widely used in the rAAV gene therapy development in laboratory. By
consulting with our industrial collaborator, this method is hard to be used in large-scale
manufacturing processes. Thus, ultracentrifugation is avoided to be used in this design.
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Figure 3.5 1 Selection of rAAV production lines

3.5.2

Batch process design and optimization

Based on the description in the section 3.5.1, the flowsheet model is designed on SuperPro Designer
as shown in Figure 3.5 2. SuperPro Designer can be used for process design, scheduling and
economic analysis which has been introduced in Chapter 2. Table 3.5-1 summarized detailed
specifications for major unit operations. The base case scenario of the batch process has three 250L
single-use batch bioreactors with working volume 200L. There is one downstream line with sum
yield 43%. The size of each unit operation is commercially available. In this scenario, the final
formulation of the rAAV product is 5.8 × 1015 vg/L and the annual production rate is 742 L/year.
The total batch number is 138 batch/year.
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Figure 3.5 2 Single-use batch process for rAAV production

Table 3.5 1 Critical parameters for batch process design
Bioreactor Parameters
Viral titer
Empty partilces
Bioreactor scale
Cell Lysis
Tween Twinty

14

3.61×10
9.58×1014
250

0.005

Filtration
Depth filter 1 flux
Filter Area applied
Depth filter 2 flux
Filter Area applied
Micro filter flux
Filter Area applied

Affinity Capture
vg/L
Load ratio
particle/L Column Dia
L
Column Length

w/v

195.7
1.1
200
1.1
200
0.55

LMH
m2
LMH
m2
LMH
m2

1016
14
15

vg/L
cm
cm

Polishing column
Load ratio
7.8×1015
Column Dia
30
Column Length
25

vg/L
cm
cm

UF/DF
UF Permeate Flux
DF Permeate Flux

LMH
LMH

50
20

Depth filter (x2)

Micro filter

UF/DF

Affinity Capture

Polishing column

UF/DF

0.95x0.95

0.9

0.9

0.95

0.7

0.95

To understand the cost-effectiveness of the integrated system, economic analysis is applied to the
simulation. For this designed plant, the total capital cost is 8.09 million USD with equipment cost
0.621 million USD while the operating cost is 48.62 million USD. This number consistent with
cost estimation of adenovirus which is another vector that has been used in gene therapy [132]. In
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the adenovirus case study, the total cost of operating cost with capital cost is around 0.3 million
USD/batch for single-use process with a 200L culture scale. In our case study, operating and capital
costs in total is 0.36 million USD/batch with the same production scale. In terms of the operating
cost composition, 88% of the cost is from material cost. Benzonase cost takes the highest present
which is around 51% of the material cost. Labor cost is 7% and consumables cost is 3% from Figure
3.5 3. As for consumables cost, single-used culture bags and mixing bags take 62% of the cost.

Figure 3.5 3 Batch operating cost categories breakdown for base case scenario
From the simulation, the equipment occupancy chart can be generated, as shown in Figure 3.5 4.
The figure indicates the bottleneck for this process majorly from upstream production bioreactor
because downstream unit operations are not sufficiently used. Then here comes to the next
questions about how to optimize plant to ensure the maximum productivity while maintaining the
cost efficiency.
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Figure 3.5 4 Equipment occupancy chart of batch rAAV production for base case scenario

Since upstream bioreactor operation is the bottleneck of this process, the staggered bioreactors are
added. In this case, with multiple bioreactors working at the same time, downstream lagging time
is reduced, and the overall productivity is increased. To investigate the cost change as the number
of upstream staggered bioreactor increases, capital cost and operating cost for unit volume of the
production are calculated. Note here, the upstream titer and final formulation are not changed. From
Figure 3.5 5, as the upstream bioreactor number increases, the unit operating, and capital cost first
reduced and then increased. It represents that as the overall productivity increases, the unit cost is
reduced. Once the system reaches maximum plant capacity, the overall productivity will stop
increasing. Further, increase the upstream bioreactor number will increase the labor cost, facility
cost and reduce the bioreactor operating efficiency, thus increases the overall costs.
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Figure 3.5 5 Batch process optimization with upstream bioreactor numbers
As a result, the most cost-effective process happens when there are seventeen 250 L bioreactors
and one downstream line. Figure 3.5 6 shows the updated equipment occupancy chart with the
optimum operating capacity. It also finds that using eighteen 250 L bioreactors can reach maximum
productivity. Finally, the total plant capacity is 4588 L/year with formulation 5.8 × 1015 vg/L.

Figure 3.5 6 Equipment occupancy chart with optimized batch process

3.5.3

Cost comparison between batch and continuous operation

To further improve the process cost efficiency of the rAAV production, a continuous process that
can reach the maximum operating throughput (4588 L/year) is designed. Currently, both continuous
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upstream bioreactor and downstream chromatography operations have been used in clinical
research, for example, wave bioreactor, stir bioreactor with acoustic filter, and continuous
chromatography operations [131, 133, 134]. However, there is no manufacturing scale continuous
gene therapy process designed in the literature. Thus, based on the experience from continuous
mAbs manufacturing operations, we designed a flowsheet for continuous rAAV production.
The continuous plant has the same unit operations as that of the batch. Since the continuous process
for gene therapy has not been well developed, the following assumptions are made: 1) most of
continuous downstream operating parameters especially for filters and chromatography are
developed based on continuous monoclonal antibody production. 2) The process yield is assumed
the same as that of batch 3) chromatography resin capacities and cycles are assumed the same as
that of batch. 4) all the equipment is assumed single-used and the bags will be replaced every batch.
Figure 3.5 7 shows the flowsheet simulated platform for continuous rAAV production. Specifically,
a perfusion bioreactor is operated continuously for four days in perfusion mode. The product titer
is assumed the same as that of the batch process. Following the bioreactor, two continuous tubular
blending tanks are connected in series for cell lysis and benzonase digestion. Then three continuous
filtration, single-pass tangential flow filtration and diafiltration are used for clarification,
concentration, and buffer exchange. A 4-column periodic counter-current (PCC) continuous
affinity chromatography followed by 4-column PCC anion exchange chromatography is applied.
Finally, counter-current ultrafiltration and diafiltration are designed for the final formulation. As a
result, four 250 L plus two 100 L single-use bioreactors and one continuous downstream line are
used in the design.
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Figure 3.5 7 Single-use continuous flowsheet model for rAAV production
To compare batch and continuous process, economic analysis is applied to both batch and
continuous operations on their maximum scale, that 4927 L/year for continuous and 4588 L/year
for batch operation. The total capital cost for continuous operation is 0.04 million USD/L and 0.3
million USD/L for that of batch. The total equipment cost of batch process is 16.441 million USD
which is around 20 times higher than that of continuous. The operating costs for continuous and
batch processes are 0.044 million USD/L and 0.080 million USD/L, respectively. Figure 3.5 8
shows operating cost categories for continuous operations. Material cost takes the highest percent
of the overall cost of continuous operation, while consumables cost is the second highest cost.
However, by comparing the cost from different unit operations, it is interesting to see that
continuous operating saves the cost mostly from bioreactor and clarification steps. For continuous
affinity chromatography, most of the costs are from resin cost and labor cost. It shows that
continuous operation does not reduce the size of the column significantly – 4x1.48L for continuous
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and 2.31L for batch. Then more resins are used during the continuous operation. For polishing and
final formulation, the labor cost of the continuous process is much higher than that of batch.

Figure 3.5 8 Operating cost for batch vs continuous production.

3.5.4

Analysis of fed-batch and continuous under different scales

Throughput analysis is applied to investigate the cost variations of batch and continuous operations
under different scales, as shown in Figure 3.5-9. In this comparison, downstream equipment sizes
and numbers are kept constant. The size of the upstream bioreactor kept the same, but the number
of bioreactors used is reduced or increased aiming to adjust the annual throughput. The annual
throughput is changed from 700 L/year to 4000 L/year. Remind from Figure 3.5 9, increasing the
throughput of the batch process will reduce the operating cost. However, compared to continuous
operation, this reduction is not obvious. The continuous operating cost shows a going down trend
as the annual production rate is reduced but going down periodically. This happened when the
number of upstream operating bioreactors changed. As it is known from the continuous operation,
adding another piece of equipment increases the capital cost and labor cost. If the throughput is
changed slightly, the average facility-dependent cost and labor cost will be increased significantly.
This is the reason why there are variations in the continuous operating cost analysis. Even though
continuous operations cannot work efficiently all the time along with the changes of the scale, the
operating cost still shows benefits or similar to that of batch in large scale. The graph also indicates
continuous operations are not always good than that of batch process. Continuous operating is good
for large-scale operating, and batch process is good for small-scale operation for rAAV production.
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With the development of continuous gene therapy techniques, the upstream and process efficiency
of the downstream will improve. The cost-effectiveness of continuous operation will be further
improved.

Figure 3.5 9 Throughput analysis batch vs continuous

3.5.5

Conclusion and Future work

In this case study, two large-scale rAAV production processes are designed for batch and
continuous mode. Using economic analysis, the batch process is optimized by adjusting the number
of upstream production bioreactors. The optimized batch process is compared with continuous
operation from different cost categories and different production scales. As a result, continuous
operation saves both capital cost and operating cost compared to that of batch on a large scale, and
these advantages are reduced as the manufacturing scales are reduced. This work guides the design
of large-scale gene therapy process manufacturing as more and more gene therapy drugs are
approved in recent years. For the future work, different operating parameters such as titer, or
downstream yield can be investigated for both batch and continuous operating modes.
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4

A framework of fed-batch bioreactor modeling and design space
identification

4.1

Background

During monoclonal antibody production from CHO cells, one of the most critical product quality
attributes is relative to protein glycosylation. Glycosylation is a post-translational protein
modification process where the oligosaccharide covalently binds to the protein backbone [16].
There are two types of glycosylation O-linked and N-linked glycosylation. They use different sugar
residuals and link to different amino acid on protein where O-linked glycosylation binds to
hydroxyl group of serine or threonine and N-linked glycosylation links to amide nitrogen of
asparagine. [135] Usually, N-linked glycosylation widely exists in mAb production. The
glycosylation process starts from endoplasmic reticulum that oligosaccharides first bind to protein
peptide and then transfer to Golgi apparatus for further modification.
In Golgi apparatus, there are three major compartments: Cis-Golgi, Medial Golgi and Trans-Golgi
During the glycosylation process, glycans are moved from Cis-Golgi to Trans-Golgi. Different
enzymes/glycosyltransferases exist in different compartment to add or remove sugars from protein
glycans. For example, in Cis-Golgi, the mannosidases (ManI and ManII) are used to remove
mannose; in medial Golgi, N-acetylglucosaminyl transferase I, II, III (GnTI, GnTII, GnTIII) and
fucosyltransferase FucT are able to add glucose or fucose; in trans Golgi, galactose and Sialic acid
can be added to glycans by galactosyltransferase (GalT) and sialyltransferase (SiaT). The sugar
sources from nucleotide sugar donor are synthesized in cytoplasm and nuclei. Thus, the
glycosylation process is majorly affected by glycan concentration, nucleotide sugar donor
concentration and glycosyltransferases activities. These three components are closely related to
metabolic cycles and cell culture conditions.

66
In bioreactor culture system, glycosylation process can be affected by both chemical and physical
stimuli for the same cell line [14, 136, 137]. These stimuli can change the cell metabolism such as
the glycolytic pathway, purine/pyrimidine metabolism, TCA cycles, which influence the synthesis
and functions of nucleotide donors, glycosyltransferases and glycosidase, and further affect the
biocatalytic reactions of glycosylation [138]. The limitation of glucose, glutamine [139], galactose
[140], manganese [37, 141], uridine, ManNAc, sialic acid [14] in culture media and feed additions
result the reduction of protein productivity, glycosylation site occupancy, UDP-Gal, UDP-GlcNAc,
Neu5Ac synthesis. It should be mentioned that different cell lines perform differently under the
same conditions, leading to different glycan fractions compositions. pH can dramatically affect the
cell growth and glycosylation process though changed ammonia level during the cell culture. It has
been showed that pH and ammonia concentration cause the delocalization and kinetic rate change
of glycosyltransferases including ManII, GnTI, GalT, and SiaT [14]. Usually the pH range tests
from 6.2-8.5, and with different cell lines, the effect from pH and ammonia concentration will also
be different. Therefore, the degree and direction of pH effect to N-linked glycosylation cannot be
drawn [142]. Temperature has also been found affecting intracellular enzyme concentrations and
activities that increases or reduces protein productivity and glycosylation which depending on
different cell lines and biological products [137, 143-148].

To maintain product quality,

understanding and controlling the operating parameters of the glycosylation process is critical.
Kinetic modeling has been widely used to capture the relations between the operating conditions
with the dynamic profile of glycan fractions as mentioned in Chapter 2. Here research works that
have been focusing on glycosylation kinetic modeling is provided with more details. In terms of
feeding strategies, Radhakrishnan et al. [37] used kinetic model to quantify the change of glycan
fractions under dynamic addition of media supplements (including MnCl2 and EDTA). Kotidis et
al. [36] investigated the glycosylation precursor feeding, including galactose and uridine effects on
cell growth, protein productivity and quality. The authors also applied dynamic optimization to
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maximize the concentration of galactosylated mAb fractions. Luo et al.[149] modified the kinetic
model by adding delta function to capture the amino acid and copper effect on the monoclonal
antibody productivity and glycosylation. As for process parameters, Villiger et al. [35] captured
pH, manganese, and ammonia concentration and predicted their effect on cell culture and
glycosylation process. Sou et al. [34] successfully used their kinetic model to simulate cell culture,
nucleotide, nucleotide sugar metabolic, and N-linked glycosylation under two different
temperatures. However, the kinetic models usually contain a large number of kinetic pathways,
which can be a challenge in parameter estimation. Many of the above models simulate the process
under different conditions separately as for example to capture the effects of temperature. In
addition, the mechanistic model is usually computationally expensive, which can be prohibitive for
the evaluation of design space.
To deal with this challenge, statistical analysis tools have been used to capture the influence of
multiple independent factors to the system outputs while reducing the computational cost. Thus, it
has been used in media formulation and building process-product correlations to characterize the
biological system [6]. Sokolov et al. [49] used sequential multivariate tools with partial least
squares regression (PLSR) to predict titer, aggregation, low molecular weight components, and
glycan groups in the product under different process scales. They illustrate the capability of
multivariate analysis in scale-up and decision making for biopharmaceutical manufacturing.
Zurcher et al. [50] also used PLSR to capture protein glycosylation profiles using process variables
and extracellular variables (127 variables). The authors compared the performance of using just
process variables to that with the addition of extracellular variables and showed that using only the
process variables leads to higher error in predicting afucosyaltion, fucosylation, and galactosylation.
In this chapter we incorporate temperature and pH factors into the mechanistic kinetic model and
capture the dynamic change of the viable cell density, glucose concentration, mAb concentration
as well as the glycan fractions. With the results that is obtained from the mechanistic model, further,
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we applied dynamic kriging to capture the dynamic trend of these outputs under different operating
conditions. It is found that dynamic kriging is able to capture the dynamic behavior of output
variabilities under the change of process operating parameters with high accuracy. Furthermore, a
surrogate-based adaptive sampling approach has been used to determine the feasible operating
region (design space) for protein production and glycosylation process based on the requirement of
commercial product quality attributes.

4.2
4.2.1

Modeling and analysis method
Kinetic modeling for cell growth and glycosylation process

The cell system is very complicated with metabolic cycles, TCA cycles and each of these cycles
contains many reactions. Considering all the reactions will increase the equation development and
parameter estimation difficulties. Thus, the unstructured culture model that treats cells as a black
box is used to simulate cell growth. Typically, this method contains algebraic differential equations
from mass balance and empirical kinetic equations including Monod kinetics, mass action kinetics
and Michaelis-Menten kinetics.
First, mass balance is developed to capture mass balance of each components in the bioreactor as
shown from equation 4.2.1 to 4.2.5.
Volume:

𝑑𝑉
𝑑𝑡

Viable cell:
Dead cell:

(4.2.1)

= 𝐹𝑖𝑛 − 𝐹𝑜𝑢𝑡
𝑑(𝑉[𝑋𝑣 ])
𝑑𝑡

𝑑(𝑉[𝑋𝑑 ])
𝑑𝑡

mAb production:

= 𝐹𝑖𝑛 [𝑋𝑣0 ] + 𝜇𝑉[𝑋𝑣 ] − 𝜇𝑑 𝑉[𝑋𝑣 ] − 𝐹𝑜𝑢𝑡 [𝑋𝑣 ]

(4.2.2)

= 𝐹𝑖𝑛 [𝑋𝑑0 ] + 𝜇𝑑 𝑉[𝑋𝑣 ] − 𝐹𝑜𝑢𝑡 [𝑋𝑑 ]

(4.2.3)

𝑑𝑉[𝑚𝐴𝑏]
𝑑𝑡

= 𝐹𝑖𝑛 [𝑚𝐴𝑏0 ] + 𝑞𝑚𝐴𝑏 𝑉[𝑋𝑣 ] − 𝐹𝑜𝑢𝑡 [𝑚𝐴𝑏]

Metabolites concentration:
𝑑(𝑉[𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒])
𝑑𝑡

= 𝐹𝑖𝑛 [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒]𝑖𝑛 − 𝐹𝑜𝑢𝑡 [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒] + 𝑞𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒 𝑉𝑋𝑣

(4.2. 4)
(4.2. 5)
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Where 𝜇 represents cell growth rate; 𝜇𝑑 is cell death rate; F is flow rate, [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒] represents
metabolite concentrations which can also represent nutrients such as glucose; the
protein/metabolites production or consumption rate indicates as q in this equation.
In this study, the out model is developed based on the dynamic model that is developed by Val et
al. [150]. In order to consider the effects of temperature and pH in kinetic model, it is critical to
understand the mechanism behind it. It has been found that reducing the temperature would reduce
GnTII, GalTI, GalTIII and FucT expression level, leading to the reduction of the intracellular NSD
concentration, mAb productivity and further reduction of the mature glycoforms in the final
product[148]. Thus, the model is developed based on adding linear regression terms to capture the
temperature effect on cell growth kinetics and intracellular enzyme expression. Controlling pH
would affect the osmolality and impact the cell metabolism. pH shift also usually affects protein
productivity[35]. Thus, pH is only linked to the rate relative to protein production. The modified
kinetic model is based on the Val et al. [150]. For brevity in presentation the entire model is shown
in the appendix and this section concentrates on the modifications.
The growth rate 𝜇 is represented by equation (4.2.6).
[𝑋𝑣 ]
𝜇𝑚𝑎𝑥
𝐶𝐺𝑙𝑐
𝜇=(
+ 𝑎)(
−
)
𝑇
𝐾𝐺𝑙𝑐 + 𝐶𝐺𝑙𝑐
𝛼𝑥

(4.2. 6)

where 𝜇𝑚𝑎𝑥 is the maximum growth rate, T is temperature, 𝛼𝑥 is cellular carrying capacity, 𝐾𝐺𝑙𝑐 is
Monod constant for glucose, and a is regression constant.
Equation (4.2.7) represents death rate 𝜇𝑑 .
𝐾𝑑𝜇
( 𝑇 + 𝑐)
𝜇𝑑𝑚𝑎𝑥
𝜇𝑑 = (
+ 𝑏)
𝐾𝑑𝜇
𝑇
( 𝑇 + 𝑐) + 𝜇

(4.2. 7)

where 𝜇𝑑𝑚𝑎𝑥 is maximum death rate, 𝐾𝑑𝜇 is inverse specific death rate. b and c are regression
constants.
Equation (4.2.8) show the glucose consumption rate qGlc .
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qGlc = −

[𝐶𝐺𝑙𝑐 ]
𝑌
𝐾𝐺𝑙𝑐
[𝐶 ]
( 𝑋𝐺𝑙𝑐
𝑇 + 𝑑) 𝐺𝑙𝑐 + （ 𝑇 + 𝑓)
1

(4.2. 8)

where 𝑌𝑋𝐺𝑙𝑐 is yield coefficient of glucose; 𝐶𝐺𝑙𝑐 is glucose concentration; d and f are regression
constant.
The mAb production rate can be represented by equation (4.2.9).
𝑌𝑚𝐴𝑏
𝑞𝑚𝐴𝑏 = (

𝐺𝑙𝑐

𝑇

+ 𝑒) 𝑞𝐺𝑙𝑐

2
1 𝑝𝐻𝑠ℎ𝑖𝑓𝑡 −𝑝𝐻𝑜𝑝𝑡
− (
)
2
𝑤
𝑒

(4.2.9)

where 𝑌𝑚𝐴𝑏/𝐺𝑙𝑐 is yield coefficient of mAb production from glucose consumption; e is regression
constant; 𝑝𝐻𝑜𝑝𝑡 is optimal culture pH; w is pH dependent mAb productivity constant; 𝑝𝐻𝑠ℎ𝑖𝑓𝑡 is
the pH control during the cell culture.
In terms of the glycosylation process, the Golgi apparatus is considered as plug flow reactor (PFR)
where along the axial direction, different distributions of enzymes are existed. Enzyme
concentration is also linearly correlated to temperature. The mass balance is shown in equation
(4.2.10). It assumes that there is no axial dispersion within the compartment through the PFR and
protein transfer maintains a linear velocity. The Golgi diameters are constant, and no mass transfer
limitation affects the glycosylation reactions.
𝐸𝑛𝑧𝑦𝑚𝑒

𝜕[𝐺𝑚 ]
𝜕[𝐺𝑚 ]
= −𝑉1
+ ∑ 𝑣𝑚,𝑛 𝑟𝑛
𝜕𝑡
𝜕𝑧

(4.2.10)

𝑛

where [𝐺𝑚 ] represents glycan (m) concentration , 𝑉1 represents the linear velocity of glycans
through the Golgi apparatus, z is the length of Golgi, rn is the kinetic rate for enzyme reaction n,
𝑣𝑚,𝑛 is the reaction coefficient of glycan m that catalyzed by enzyme n.
It should be mentioned that 𝑞𝑝 can be obtained from the cell culture model and used as an input
condition to calculate the linear velocity of protein transferring in golgi apparatus as shown in the
equation (4.2.11)
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(V1 )(VolGolgi )[𝑀𝑎𝑛9]𝑧=0 =

2𝑢𝑚𝑜𝑙𝐺𝑙𝑦𝑐
𝑞𝑝
(
)
𝑀𝑊𝑚𝐴𝑏 𝑢𝑚𝑜𝑙𝑚𝐴𝑏

(4.2.11)

where VolGolgi = 25 𝜇𝑚3 is the volume of Golgi Apparatus[150, 151], [𝑀𝑎𝑛9]𝑧=0 = 55

𝜇𝑚𝑜𝑙
𝐿𝐺𝑜𝑙𝑔𝑖

represents the Man9 concentration at the entrance of Golgi. 𝑀𝑊𝑚𝐴𝑏 is average molecular weight
which is 150 kDa. The reactions with the product and substrates related inhibitions can be simulated
by Michaelis-Menten kinetics, sequential-order Bi-Bi kinetics, and random-order Bi-Bi kinetics as
shown in equation (4.2.12 ) to equation (4.2.16) [151].
rn =

𝑘𝑓,𝑛 [𝐸𝑛 ][𝐺𝑚 ]
[𝐺 ]
[𝐺𝑚−1 ]
𝑘𝑑,𝑚 (1 + 𝑚𝑚 +
)
𝑘
𝑘
𝑑,𝑚−1/𝑛
𝑛
𝑑,

(4.2.12)

𝑛

𝑟𝑛 =

𝑘𝑓,𝑛 [𝐸𝑛 ][𝑁𝑆𝑘 ][𝐺𝑚 ]
[𝑁𝑆𝑘 ]
[𝑁𝑆𝑘 ] [𝐺𝑚 ]
[𝑁𝑆𝑘 ] 𝑁.𝐶. [𝐺𝑧 ]
[𝐺𝑚+1]
[𝐵𝑘 ]
𝐵
∑
𝐾𝑑,𝑚/𝑛 𝐾𝑑,𝑘/𝑛 (1 +
+
+
+ 𝑘
+
)
𝐾𝑑, 𝑘/𝑛 𝐾𝑑, 𝑘/𝑛 𝐾𝑑,𝑚/𝑛 𝐾𝑑, 𝑘/𝑛 𝑧=1 𝐾𝑑, 𝑧/𝑛 𝐾𝑖,𝑘/𝑛 𝑘𝑑, (𝑚+1)/𝑛 𝐾𝑑,𝑘/𝑛

𝑟𝑛 =
𝐾𝑑,𝑚 𝐾
𝑛

𝑘 (1
𝑑,
𝑛

+

𝑘𝑓,𝑛 [𝐸𝑛 ][𝑁𝑆𝑘 ][𝐺𝑚 ]
[𝑁𝑆𝑘 ] [𝐺𝑚 ]
[𝐺𝑚+1]
[𝐺𝑧 ] [𝑁𝑆𝑘 ] [𝐺𝑚 ] [𝑁𝑆𝑘 ] 𝑁.𝐶. [𝐺𝑧 ]
𝐵 [𝐺𝑚+1]
[𝐵𝑘 ]
∑𝑁.𝐶.
∑
+
+
+
+
+ 𝑘
+
+
)
𝑧=1 𝐾 𝑧
𝐾 𝑘 𝐾𝑑,𝑚
𝐾 𝑘 𝐾𝑑,𝑚 𝐾 𝑘 𝑧=1 𝐾 𝑧 𝐾 𝑘 𝑘 (𝑚+1) 𝑘 (𝑚+1) 𝐾𝑑,𝑘/𝑛
𝑑, 𝑛

𝑑, 𝑛

𝑛

𝑑, 𝑛

𝑛

𝑑, 𝑛

𝑑, 𝑛

𝑖,𝑛

𝑑,

𝑛

𝑑,

2

[𝐸𝑛] = [𝐸𝑛,𝑚𝑎𝑥 ] × 𝑒

(4.2.13)

(4.2.14)

𝑛

(4.2.15)

(𝑧−𝑧𝑛,𝑚𝑎𝑥 )
(
)
2𝑤𝑛

[𝐸𝑛,𝑚𝑎𝑥 ] = 𝑎𝑛 × 𝑇 + 𝑏𝑛

(4.2.16)

𝑘𝑓,𝑛 is the rate-limiting turnover rate for enzyme n. [𝑁𝑆𝑘 ] is nucleotide sugar concentration. 𝐾𝑑,𝑚
𝑛

is the dissociation constant of the acceptor enzyme complex and 𝐾𝑑, 𝑘 is the dissociation constant
𝑛

of the donor enzyme complex. 𝐾𝑑, 𝑧 is the dissociation constant of the competitor enzyme complex,
𝑛

[𝐸𝑛] is enzyme concentration.
The mechanistic model is built on MATLAB. The systems of ordinary differential equation are
solved in MATLAB (ODE45) and the partial differential equations from intracellular structured
model is first discretized along the axial using finite difference methods and solved by ODE solvers
in MATLAB.
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4.2.2

Kriging and dynamic kriging

Kriging or gaussian modeling is an interpolation method that uses sum of spatial weighted distance of
observed function values at nearby sample points to predict new points[152, 153]. It also provides the mean
squared error for the prediction[154]. Equation (7) shows the general equation of kriging model to predict
𝑓̂(x i ).

𝑓̂(x i ) = 𝛽𝑓(x i ) + 𝜀(x i )

(7)

The first part of the equation represents a known regression model that defines the global trend of the data
𝑓(x i ), 𝛽 is unknown parameter. In this work, constant and linear regression models are tested and the one
that gives the least mean squared error is selected. The second part is a residual term 𝜀(x i ) that indicates the
error at location x i which is usually normally distributed with zero mean and variance 𝜎 2 .

𝐶ovariance

function between 𝜀(x i ) and 𝜀(x j ) is shown in equation (8).

Cov(𝜀(x i ), 𝜀(x𝑗 )

(8)

= 𝜎 2 𝑅(𝑥 𝑖 , 𝑥 𝑗 )
where R is the correlation function and exponential, linear, squared exponential models are commonly used
in kriging surrogates[155], shown in equation (9)-(11).
𝑑
𝑗 θ𝑑+1

R(θ, x , x = exp (− ∑ θh |𝑥ℎ𝑖 − 𝑥ℎ |
i

j)

(9)
)

0 < θ𝑑+1 < 2

ℎ=1

𝑑

(10)

𝑗 2

R(θ, x , x = exp (− ∑ θh |𝑥ℎ𝑖 − 𝑥ℎ | )
i

j)

ℎ=1

𝑑
𝑗

R(θ, x , x = max(0,1 − ∑ θh |𝑥ℎ𝑖 − 𝑥ℎ |)
i

j)

ℎ=1

θh is unknown parameter. Parameters θh , 𝛽 and 𝜎 2 can be predicted by using maximum likelihood.The
detailed derivation of kriging can be found in papers Bhosekar and Ierapetritou[155]. In this work, the kriging

(11)
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models are built using DACE toolbox [156] and different correlation functions are tested and selected for
model training.
Dynamic kriging is a modification of kriging model as shown in equation (12).
i
i
𝑓̂(x𝑘i ) = 𝛽𝑓(x𝑘i , 𝑓̂(x𝑘−1
) ) + 𝜀(x i , 𝑓̂(x𝑘−1
))

(12)

The dynamic system is first discretized into different time points k, and the kriging model is used as an
i
autoregressive model that collects the predicted results 𝑓̂ (x𝑘−1
) from the previous time point (k-1) and

combines with the state variables or control input x𝑘i to estimate the future time point 𝑓̂(x𝑘i )[157]. This means
that the kriging algorithm is iteratively called and the database that is used for prediction is dynamically
updated. The method maximizes the amount of information about the dynamic response for the
prediction[153].

4.2.3

Feasibility analysis

To find the feasible region of bioreactor operation, the process operations need to satisfy the
productivity (product titer) and product quality (different glycan fractions) constraints as shown in
equation (13).
g i (𝑥) ≤ 0

𝑗∈𝐽

(13)

where g i (𝑥) represent different constraints as mentioned above, 𝑥 includes the uncertain variables
including temperature and pH and operating parameters including the total operating time, initial
conditions of cell density, glucose and mAb concentrations. In this study, it assumes that the design
parameters and control parameters are constant. To satisfy all the constraints, feasibility function
is defined in equation (14). If 𝜑 < 0, 𝜃 represents the feasible region. When 𝜑 = 0, the defined
condition is right at the boundary of feasible region.
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𝜑(𝑥) = max g i (𝑥)

(14)

𝑗∈𝐽

Initial sample points can be generated by space filing and a feasible region can be obtained by
calculating feasibility function. To further simplify the model, kriging is used to determine the
feasible region. Adaptive sampling method is used to improve the accuracy of the feasible
boundary. By maximizing the modified EI function, shown in equation (15), the new sample points
that close to feasible region and unexplored region are generated to update the kriging model.
2

𝑦̂(𝑥)
1 −0.5(𝑦𝑠̂̂(𝑥)
)
(𝑥)2
𝐸𝐼𝑓𝑒𝑎𝑠 (𝑥) = 𝑠̂ (𝑥)𝜙 (−
) = 𝑠̂ (𝑥)
𝑒
𝑠̂ (𝑥)
√2𝜋

(15)

Standard error 𝑠̂ (𝑥) can be obtained from kriging prediction at location x, and 𝑦̂(𝑥) is the predicted
value. The detailed explanation of the modified EI function can be found in paper [158]. To test
the performance of the feasibility analysis, CF%, CIF% and NC% values are calculated and
represented in equation (16) to (18).

𝐶𝐹% =

𝐶𝐹
× 100
𝐶𝐹 + 𝐼𝐶𝐼𝐹

(16)

𝐶𝐼𝐹% =

𝐶𝐼𝐹
× 100
𝐶𝐼𝐹 + 𝐼𝐶𝐹

(17)

𝑁𝐶% =

𝐼𝐶𝐹
× 100
𝐶𝐹 + 𝐼𝐶𝐹

(18)

CF% represents the percentage of the feasible region that is successfully explored. CIF% represents
the percentage of the infeasible region that is successfully explored. NC% represents the percentage
of the feasible region that is overestimated. CF is feasible region that is correctly defined by kriging
model. CIF is infeasible region that is correctly defined by kriging model. ICF is an infeasible
region but defined as feasible region by kriging model. ICIF is feasible region but defined as
infeasible region by kriging model.
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4.3

Case study

To clearly demonstrate the use of mechanistic modeling and dynamic kriging, a case study is
presented in this section. First, mechanistic model that captures temperature and pH effects on cell
culture and glycosylation process is developed in section 4.3.1 and the results are compared with
literature data. Based on the simulation built, a design of experiment (DoE) is used to generate
designs for dynamic kriging model building and results are shown in section 4.3.2. Finally, section
4.3.3 describes how to implement feasibility analysis to the dynamic kriging model to obtain the
design space for protein production.

4.3.1

Mechanistic modeling experiment

A kinetic model is built to capture the viable cell, glucose, and mAb concentrations under different
temperatures and pH. It assumes the cells are first cultured under 37℃ pH=7, and then shifted to a
different temperature and pH on day 5. Three runs are used to test the temperature effect. For each
of the run, pH was set to 7 and temperature is shifted to 33.5℃, 35℃ and 36.5℃ respectively.
Similarly, three runs are used to test the pH effect with pH shifting to 6.8, 6.9 and 7, respectively.
Conditions of the cell culture follow the following assumptions. Glucose is added on days 5, 8 and
12 during the cell culture. A feed with nutrients is also provided to the system on days 2, 5, 8, 12
to maintain cell growth. Due to lack of experimental data, all the fittings are based on the regression
of the kinetic rate constants under different temperatures from literature [16, 21].
The viable cell density and glucose concentration under different temperatures (constant pH=7) are
shown in Figure 4.3 1.a and Figure 4.3 1.b. Due to the addition of glucose and nutrients, sharp peaks
can be observed. The figures indicate that viable cell concentration is reduced with the temperature
shifting down, which also causes the reduction of glucose consumption rate. Similar trend has been
observed in studies[136, 159]. pH effect to viable cell and glucose concentrations are not
considered in this work. It has been reported in the literature that no significant effects have been
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observed with a certain range of pH change. For example, Trummer et al. [145] showed that specific
cell growth rate is not affected when pH shifted from 7.10 to 6.9 on day 5. Figure 1.c shows that
the protein titer increases with the reduction of the temperature. Since the viable cell concentration
is reduced, the specific protein production rate (qp) increases as the temperature reduces which is
consistent with what is reported in the literature[32, 148]. Figure 2 also shows that the reduction of
pH reduces the protein titer. This observation has also been reported in Villiger et al[160].

(a)

(b)

(c)
(d)
Figure 4.3 1 Dynamic change in (a) viable cell density, (b) glucose concentration and (c) mAb
concentration under different temperatures. (d) Dynamic change in mAb concentration under
different pH values.
In a previous study, it was shown that the protein specific production rate and glycan fractions are
affected by different temperatures in the CHO cell culture. In general, for mAbs, the shifting of
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temperature usually causes an increase in protein production rate, while decreasing the temperature
usually causes a reduction in glycosylation processes, such that the galactosylation, fucosylation
and sialyation are reduced [148] [136].

The pH effects on the protein productivity and glycosylation vary from cell line to cell line. It is
shown in Table 4.3 1 that increasing and decreasing the pH can both cause a decrease in protein
productivity. Changing the protein productivity has a great effect on protein glycosylation. Jiang et
al. [36] reported that the galactosylation increases as qp decreases, regardless of the shift in pH.
However, inconsistency is still observed in the trend of Man5 and G2FS1, as shown in Table 4.3 1

Table 4.3 1 pH effect on titer and glycan fraction production from CHO cell
Protein

pH range

qp

mAb

↓ pH 7.15-6.70.

↓

mAb

↓ pH 7.2 -6.9

-

mAb

↓ pH 6.9-6.7

↓

↑ pH 6.9-7.3

↓

Glycan fraction
Reduced: G0F, G0, Man5
Increased: G1F, G2F, G2FS1
Reduced: G0
Increased: G1F+G2F, Man5,
galactosylation
Decrease: Sialylation

Ref
[35]
[146]
[161]

In general, a higher protein production rate reduces the residence time of protein in the Golgi
apparatus. Protein has less contact time with the enzymes which reduces glycosylation in the final
product. Thus, in the model, the production rate is used to connect the cell culture process and
protein glycosylation. By incorporating temperature and pH effects to protein productivity,
glycosylation process can be then captured. On the other hand, temperature also affects enzyme
expression. The mRNA expressions of the glycosyltransferase including GnTII, 𝛽-GalT and FucT
are significantly lower when temperature decreases.[148] The parameters for enzyme concentration
under different temperature are obtained from the literature[34]. It also needs to note that the
reduction of temperature reduces the consumption of glucose which further reduces nucleotide
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sugar including UDP-Glc, UDP-Gal and UDP-GlcNAc synthesis thus reduced the processed glycan
structure. Figure 4.3 2 shows the change of glycan fractions under different temperature shift.
Decreasing the temperature increases the afucosylation and reduces galactosylation and
fucosylation which is consistent with that in the literature.

(a)

(b)

(c)

(d)
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(e)
(f)
Figure 4.3 2 Glycan fractions under different temperature (a) G0, (b) G0F, (c) G1F, (d) G2F, (e)
G1, (f) G2FS1
Figure 4.3 3 shows the change of glycan fractions under different pH. Decreasing the pH reduces

the afucosylation but increases galactosylation and fucosylation which consists with the results
shown in the Table 4.3 1.

(a)

(b)
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(c)

(d)

(e)
(f)
Figure 4.3 3 Glycan fractions under different pH (a) G0, (b) G0F, (c) G1F, (d) G2F, (e) G1, (f)
G2FS1.
All the trend of glycan fractions under different temperature and pH are summarized in Table 4.3 2.
Comparing the results from Table 4.3 1 as well as the literature that focused on the effect of
temperature shift, it indicates that all the predictions from the developed mechanistic model are
consistent with the results from the literature. From the prediction, shifting down pH would reduce
the titer and increase the fucosylation and galactosylation, and shifting temperature down would
increase the product titer and reduce the galactosylation.
Table 4.3 2 Model predicted glycan fractions under different Temperature and pH
Conditions
pH shifted down
Temp Shifted down

Titer
↓
↑

G0
↓
↑

G0F
↓
↑

G1/G2
↓
↓

G1F/G2F
↑
↓

G2F1S
↑
↓
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4.3.2

Kriging model fitting results

Regular Kriging vs. Dynamic Kriging
The kinetic model results are used as training sets to build the regular kriging and dynamic kriging
models. A design of experiment (DoE) based on two level full factorial design is used to obtain
data from the kinetic model. Five conditions with temperature and pH shifts are used: 1) T = 33.5
°C, pH = 7; 2) T = 33.5 °C, pH = 6.8; 3) T = 35 °C, pH = 6.9; 4) T = 36.5 °C, pH = 6.8; 5) T = 36.5
°C, pH = 7. The kriging model reduces the computational complexity, provides an easier means of
model fitting, and has capabilities in process optimization. The purpose of this section is to test the
capabilities of dynamic kriging in the prediction of product concentration and quality with a small
amount of data.
For regular kriging, to predict viable cell concentration, glucose and protein titer, input parameters
including time, temperature, pH and glucose addition at different time points are used. For dynamic
kriging, the input parameters start with the same input parameters as for regular kriging, and the
input datasets are dynamically updated based on the predictions from the previous time points. A
random culture condition (T = 34.5 °C, pH = 6.85) is selected to test the fitting performance. Figure
4.3 4 a,b,c show the good prediction of dynamic kriging results for viable cell, glucose and mAbs.

In general, dynamic kriging provides higher prediction accuracy than regular kriging, especially in
the prediction of glucose concentration, which has a more complicated trend, as shown in Figure
4.3 4 b,d. This is mainly because dynamic kriging considers more sample points and correlations

during the model prediction. By considering the output from previous time points, the prediction
of the next time point is very sensitive to system change.
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(a)

(b)

(c)

(d)

Figure 4.3 4 Prediction of viable cell (a), glucose (b), and mAbs (c) from dynamic kriging.
Prediction of glucose concentration (d) from regular kriging
To predict the glycan fractions, the operating parameters, cell culture data and glycan fractions (at
t−1 time points) are used as the input datasets that train the dynamic kriging model. During the
prediction, the input parameters together with viable cell concentration, protein titers and Man5
glycan fractions at (t−1) time points are used as the input to predict the Man5 glycan fractions at t
time point by dynamic kriging. The same idea is applied to other glycan fractions.
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Theoretically, the prediction can start from day 1, since the mechanistic model provides the glycan
fractions at an early stage. Thus, data from day 1 from the mechanistic model can be used as training
datasets for data-driven model training, as shown in Figure 4.3 5. In the experimental work, however,
the glycan fractions’ data for the first 4 days are hard to obtain. This is mainly due to the low
product concentration in the solution, which results in a low intensity during the glycan fraction
measurements. The predictions from day 1 and day 5 are all tested in this study, and the mean
relative squared errors (MRSE) [38] are compared in Table 4.3 3. This shows that dynamic kriging
is able to predict the glycan fractions with high accuracy (all the MRSE <10%). As shown in Figure
4.3 5, dynamic kriging provides good prediction in the early stage, and the error becomes large at

the end of the cell culture. It is found that the higher errors occur in the prediction of G1F, G2F and
G2FS1, which could be due to the limited training dataset used in this case study.

(a)

(b)
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(c)

(d)

Figure 4.3 5 Prediction of different glycan fractions from dynamic kriging: (a) Man5, (b) G0F, (c)
G2F, (d) G2FS1.
Table 4.3 3 Mean relative squared error (MRSE) of dynamic kriging prediction

4.3.2.1

Glycan fractions

Man5

G0

G1

G1F

G2F

G2FS1

Day 5

0.029

0.004

0.027

0.088

0.073

0.088

Day 1

0.018

0.004

0.017

0.072

0.044

0.0510

Prediction of Temperature Effect from Dynamic Kriging Model

Different operating conditions are also used to further test the prediction of dynamic kriging. Since
33.5, 35 and 36.5 °C are used as training data sets, different temperatures T = 34, 34.5 and 36 °C
are tested at pH 7. With the temperature increasing, G0 and G0F are reduced, while G1, G1F, G2F
and G2FS1 are increased. From Figure 4.3 6, all the results are matched to those obtained by the
mechanistic model.
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(a)

(b)

(c)

(d)

(e)

(f)
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Figure 4.3 6 The prediction of glycan fractions under different temperatures from dynamic
kriging: (a) G0, (b) G0F, (c) G1, (d) G1F, (e) G2F, (f) G2FS1.

4.3.3

Feasibility analysis results

As mentioned in the previous section, the glycan fractions are critical quality attributes used to
evaluate the biological product’s performance and for the testing of biosimilars. For this case study,
three quality attributes (high mannose, afucosyaltion and galactosylation of Herceptin
(trastuzumab)) are tested. According to the FDA Briefing Document Oncologic Drugs Advisory
Committee Meeting, the requirements for the glycan profile of a product biosimilar to Herceptin
are obtained [162]. To satisfy the quality attributes, the total afucosylation needs to be maintained
within the range of 2% to 14.5%, galactosylation needs to stay within 20% to 70%, and high
mannose needs to be below 8%. Within the operating range, the end points of high mannose,
afucosyaltion and galactosylation prediction at day 14, under different temperatures and pH values,
are shown in Figure 4.3 7. This shows that afucosylation ranges from 2.5% to 6%, that is, within the
requirement for the afucosyaltion ratio. However, the galacosylation changes from 5% to 47%,
which means that in this range of conditions there is a risk of being lower than the required range
of values. Thus, a constraint needs to be considered to ensure that GI can reach at least 20% in the
feasibility analysis. Similarly, high mannose reaches up to 9%, which also needs to be considered
as a constraint in the feasibility analysis.
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(a)

(b)

(c)
Figure 4.3 7 (a) High mannose, (b) afucosylation, (c) GI fractions within the defined operating
ranges. The color variation represents glycan fractions.
From Figure 4.3 1 c,d, we see that temperature and pH have effects on the protein titer. Thus, in
order to maintain high productivity, the protein concentration is set as more than 1 g/L. This section
aims to maintain the afucosyaltion and galactosylation within the required range, and these
components can be predicted by dynamic kriging. One approach is to develop the dynamic kriging
that predicts the glycan index directly based on the culture conditions, viable cell, and mAb
concentrations. The predictions of the glycan index are shown in Figure 4.3 8. Table 4.3 4 shows the
MRSE values. The results show that dynamic kriging provides a good prediction of all the glycan
indices (MRSE < 2%). The second approach used has a good prediction performance. It should be
noticed that although only the end point glycan fractions are important for quality assurance,
understanding the dynamic profile of different glycan fractions is important in order to enable better
quality control during production.
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(a)

(b)

(c)

(d)

Figure 4.3 8 Glycosylation index predicted by dynamic kriging: (a) high mannose, (b)
afucosylation, (c) GI, (d) FI.
Table 4.3 4 Means relative squared error (MRSE) of dynamic kriging prediction.
Glycan Index

Afucoyslation

ManX

GI

FI

MRSE

0.0121

0.0186

0.0025

0.0026

In total, 25 initial sample points were obtained from the kriging model and used to obtain the initial
feasible region. Adaptive sampling is used to improve the accuracy of the feasible region. Figure
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4.3 9 demonstrates the results of the feasibility analysis. The dark blue line shows the predicted

feasible region’s boundary (feasibility function = 0), which indicates the operating region that
satisfies all the constraint requirements. The circle points are infill points, which are added to
improve the accuracy of the feasible region. Finally, the three performance measures’ distributions
are CF = 0.997, CIF = 0.999 and NC = 0.001, which indicates that the feasible region has been
accurately determined.

Figure 4.3 9 Feasible operating region obtained from adaptive sampling. Contour plot for
feasibility function values under different pH values and temperatures. Zero line represents the
feasible region’s boundary. Initial sampling points are shown as blue dots and red circles are
adaptive sampling points.

4.4

Conclusion

In this work, we developed a kinetic model to successfully capture the effects of temperature and
pH on protein production and the mAb’s product quality attributes. By using mechanistic relations,
the kinetic model improves the understanding of the effects of physical stimuli on the intracellular
reactions. The mechanistic model is further simpli-fied using dynamic kriging, which is able to
provide dynamic predictions with high accuracy. This step reduces the computational costs and
improves the efficiency and accuracy of model fitting. Surrogate-based feasibility analysis is used
to determine the design space for bioreactor modeling. The adaptive sampling method is used to
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determine the design space for process operations efficiently. The developed methods can be used
to predict titer and protein qualities under different conditions. They handle multiple con-straints
and provide the design space boundaries for efficient bioreactor operation. Addi-tional work is
needed to implement the proposed framework, using more experimental data for CHO bioreactor
operations. In the experimental cell culture system, variabilities and noises may exist. Data cleaning
and preprocessing are needed to improve prediction accuracy.
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5

Predictive modeling of cell culture and protein
glycosylation processes

5.1

Background

In Chapter 4, a framework has been developed in capturing the dynamic trend of cell culture and
protein production by both mechanistic and data driven model and further defined of design space
for bioreactor operations. In this section of the dissertation, we would like to apply the mechanistic
model in a real case study with experimental support to further test our model capabilities.
In this chapter, a simplified single-cell model is developed to dynamically simulate the CHO cell
culture process in fed-batch bioreactors. The model contains unstructured cell culture model which
is coupled to structured glycosylation model with reduced number of parameters. Cell culture
model simulates cell growth and death, nutrients consumption and metabolites’ concentrations. The
glycosylation model predicts major glycoprotein concentrations varying with time including
intermediates glycosylated proteins and final product protein quality attributes. Experimental data
are provided from our collaborators and used for model parameter estimation and model validation.
Temperature and pH are changed to investigate their effect on product compositions. In this study,
cell was first cultured under temperature 35 ℃ and pH 7.1. Starting from day 4, 4 conditions are
tested including 1) keep the temperature and pH constant 37 ℃ 2) shift temperature down, from 37
℃ to 35 ℃, pH kept constant 3) shift the temperature up, from 37 ℃ to 39 ℃, pH kept constant 4)
shift the pH down, from 7.1 to 6.7, the temperature kept constant. Using experimental data, the
model is further developed by including temperature effect in the mechanistic model. The
intracellular parameters that estimated by the model are used to interpret the experimental
phenomena and guide the future experiments. At the beginning of this chapter, I would like to first
acknowledge Prof. Chundawat’s research group for providing us cell culture experimental data.
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5.2

Modeling method

To capture temperature and pH effect on cell growth and glycosylation process and guide process
optimization, first principle kinetic modeling needs to be developed. A kinetic model is built based
on the simplified cell kinetic metabolism. As mentioned in Chapter 4, both structured and
unstructured models are used to construct the model to predict extracellular components and
intracellular reactions. In this section, the model is developed based on the character of the CHOK1 cell line.
In the fed-batch system, media feed and glucose addition are generally used to maintain cell
activities. Especially for small scale cell culture, the reduction of the volume due to sampling is
also needed to capture. Equation 5.2.1 captures the mass balance of volume where 𝐹𝑖𝑛 and 𝐹𝑜𝑢𝑡
represents the volumetric flow in and flow out of the system. In the similar way, mass balance is
applied to simulate viable cell density, dead cell, mAb production and metabolites concentration
and represented by equation 5.2.1 to 5.2.5.
Volume:

𝑑𝑉
𝑑𝑡

Viable cell:
Dead cell:

(5.2.1)

= 𝐹𝑖𝑛 − 𝐹𝑜𝑢𝑡
𝑑(𝑉[𝑋𝑣 ])
𝑑𝑡

𝑑(𝑉[𝑋𝑑 ])
𝑑𝑡

mAb production:

= 𝐹𝑖𝑛 [𝑋𝑣0 ] + 𝜇𝑉[𝑋𝑣 ] − 𝜇𝑑 𝑉[𝑋𝑣 ] − 𝐹𝑜𝑢𝑡 [𝑋𝑣 ]

(5.2.2)

= 𝐹𝑖𝑛 [𝑋𝑑0 ] + 𝜇𝑑 𝑉[𝑋𝑣 ] − 𝐹𝑜𝑢𝑡 [𝑋𝑑 ]

(5.2.3)

𝑑𝑉[𝑚𝐴𝑏]
𝑑𝑡

(5.2.4)

= 𝐹𝑖𝑛 [𝑚𝐴𝑏0 ] + 𝑞𝑚𝐴𝑏 𝑉[𝑋𝑣 ] − 𝐹𝑜𝑢𝑡 [𝑚𝐴𝑏]

Metabolites concentration:
𝑑(𝑉[𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒])
𝑑𝑡

(5.2.5)

= 𝐹𝑖𝑛 [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒]𝑖𝑛 − 𝐹𝑜𝑢𝑡 [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒] + 𝑞𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒 𝑉𝑋𝑣

The cell growth rate 𝜇, death rate 𝜇𝑑 are lumped parameters which are represented by Monod
equations based on their limited substrates (i) and inhibited metabolites (j).
𝐾𝐶𝑗
𝐶𝑖
∏𝑚
𝑗 𝐾 +𝐶
+𝐶
𝐶𝑖
𝑖
𝐶𝑗
𝑖

Cell growth rate: 𝜇 = 𝜇𝑚𝑎𝑥 ∏𝑛𝑖 𝐾

(3.2.1-6)
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𝜇𝑚𝑎𝑥 represents the maximum specific growth rate and 𝐾𝐶𝑖 and 𝐾𝐶𝑗 are Monod constant for
components i and j. From the literature research, it has been found that for CHO cell line, major
nutrient includes glucose is used in glycolysis and form adenosine trophophyte (ATP) to support
cell activities [163]. And during the cell growth, the production of ammonia negatively impacts
productivity, and quality. One explanation is that ammonium increases the electrochemical gradient
and impacts the intracellular pH, which further inhibits enzymatic activity. Thus, in this model,
glucose and ammonia are the two major components to consider. Although the death rate is also
affected by growth limited components such as ammonia [35], as ammonia is one of the factors of
the cell growth rate, a more lumped equation is developed in equation (5.2.7) [150].
𝜇𝑑 = 𝜇𝑑𝑚𝑎𝑥

𝐾𝐷
𝐾𝐷 + 𝜇

(5.2.7)

where 𝜇𝑑𝑚𝑎𝑥 is the maximum death rate and 𝐾𝐷𝐶𝑗 is Monod constant. The specific production rate
of protein can be represented by nutrient related terms (𝑌𝑚𝐴𝑏/𝐶𝑖 ) and non-nutrient related term
𝑚𝑚𝐴𝑏 as shown in equation (5.2.8).
𝑞𝑚𝐴𝑏 = 𝑌𝑚𝐴𝑏/𝐶𝑖 𝑞𝑐𝑖 + 𝑚𝑚𝐴𝑏

(5.2.8)

𝑌𝑥/𝐶𝑖 is the mAb yield coefficient from component 𝐶𝑖 which is glucose in this equation. Two ways
can be used to capture metabolites and nutrients consumption. The first way is similar to mAb
production that considers the nutrients uptake as growth and non-growth related terms [34, 164166]. Another way is to consider the nutrient concentration and specific yield of consumption based
on cell growth [150]. In this system, the carbon source glucose, byproduct ammonia concentration
can be modeled by equation (3.2.1-10).
𝑞𝑐𝑖 =

𝜇
𝑌𝜇/𝐶𝑖

+ 𝑚𝑐𝑖

(5.2.9)

𝑌𝑋𝐶𝑖 is the yield coefficient of cell from component Ci and 𝑌𝐶𝑗𝐶𝑖 is the yield coefficient of Cj from
Ci consumption. Through the cell culture, glucose is consumed thus 𝑌𝜇/𝐶𝑔𝑙𝑐 and 𝑚𝑐𝑔𝑙𝑐 are negative
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numbers. To relate temperature parameter with temperature, Arrhenius and polynomial equations
are used as shown in the Table 5.2 1 below.
Table 5.2 1 Parameters with temperature change for cell culture
Parameters
𝑌

𝑢
𝐶𝑎𝑚𝑚

,𝑌

𝑢
𝐶𝑔𝑙𝑐

Equation
𝐸𝑎𝑚

, 𝑌𝑚𝐴𝑏

𝑃𝑚 = 𝐴𝑚 𝑒 − 𝑅𝑇

𝐶𝑔𝑙𝑐

𝜇𝑚𝑎𝑥 , 𝐾𝐶𝑖 , 𝐾𝐶𝑗 , 𝜇𝑑𝑚𝑎𝑥 , 𝑚𝑚𝐴𝑏 , 𝑚𝑐𝑖

𝑃𝑙 = 𝐵𝑇 2 + 𝐶𝑇 + 𝐷

It shows that most of the yield coefficient terms can be represented by Arrhenius equation and all
of them are changed monotonically as the temperature increases. Monod constants and growth
independent terms are captured by polynomial terms. These trends are dependent from cell line to
cell line.
The majority of the glycosylation process happens in Golgi Apparatus. To capture the dynamic
pathway of glycosylation process in Golgi system, a single PFR model has been developed. These
models are based on cisternal maturation model that consider the transport of cargo proteins
through the Golgi complex [167] similar to what we have introduced in Chapter 4. The model is
shown in (5.2.10).
𝐸𝑛𝑧𝑦𝑚𝑒

𝜕[𝐺𝑚 ]
𝜕[𝐺𝑚 ]
= −𝑉1
+ ∑ 𝑣𝑚,𝑛 𝑟𝑛
𝜕𝑡
𝜕𝑧

(5.2.10)

𝑛

The equation assumes no axial dispersion within the compartment through the PFR, and protein
transfer maintains a linear velocity. The Golgi diameters are constants and there is no mass transfer
limitation affecting the glycosylation reactions. [𝐺𝑚 ] represents glycan (m) concentration and 𝑟𝑛
represents kinetic rate for enzyme reaction n. 𝑣𝑚,𝑛 is the reaction coefficient of glycan m that
catalyzed by enzyme n. 𝑉1 represents the linear velocity that protein glycan transfers through the
Golgi apparatus. Z is the length of Golgi. Three types of reactions exist in the Golgi apparatus for
different types of enzymes. In these reactions, one enzyme will have multiple substrates, thus there
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are competitive and product inhibition reactions. The equations 3.2.1-11 to 3.2.1-13 are the
simplified enzyme kinetics. Equation (5.2.11) shows the Michelis Menten equation with
competitive and product inhibition for mannose removal by enzyme ManI and ManII. The Equation
(5.2.12) shows the sequential-order Bi-Bi equation for N-acelylglucosamine and galactose addition
by GnTI, GnTII and GalT. In this reaction, enzyme first bind with nucleotide sugar precursor and
then react with different types of glycan. Equation (5.2.13) is the random-order Bi-Bi equation for
fructose, sialic acid addition by FucT and SiaT. Unlike the sequential order reaction, the enzyme
can first react with either glycan or nucleotide sugar precursor and then the other one.
𝑘𝑓,𝑛 [𝐸𝑛 ][𝐺𝑚 ]
[𝐺 ]
[𝐺
]
𝑘𝑑,𝑚 (1 + 𝑚𝑚 + 𝑚−1 )
𝑘𝑑,
𝑘𝑑,𝑚−1/𝑛
𝑛

(5.2.11)

𝑘𝑓,𝑛 [𝐸𝑛 ][𝑁𝑆𝑘 ][𝐺𝑚 ]
[𝑁𝑆𝑘 ] [𝑁𝑆𝑘 ] [𝐺𝑚 ]
[𝑁𝑆𝑘 ] 𝑁.𝐶. [𝐺𝑧 ]
𝐵 [𝐺𝑙𝑦𝑐𝑖+1 ] [𝐵𝑘 ]
∑
𝐾𝑑,𝑚/𝑛 𝐾𝑑,𝑘/𝑛 (1 +
+
+
+ 𝑘
+
)
𝐾𝑑, 𝑘/𝑛 𝐾𝑑, 𝑘/𝑛 𝐾𝑑,𝑚/𝑛 𝐾𝑑, 𝑘/𝑛 𝑧=1 𝐾𝑑, 𝑧/𝑛 𝐾𝑖,𝑘/𝑛 𝑘𝑑, (𝑖+1)/𝑛 𝐾𝑖,𝑘/𝑛

(5.2.12)

𝑘𝑓,𝑛 [𝐸𝑛 ][𝑁𝑆𝑘 ][𝐺𝑚 ]
[𝑁𝑆𝑘 ] [𝐺𝑚 ]
[𝐺𝑧 ] [𝑁𝑆𝑘 ] [𝐺𝑚 ] [𝑁𝑆𝑘 ] 𝑁.𝐶. [𝐺𝑧 ]
[𝐵 ]
𝐵 [𝐺𝑚+1 ] [𝐺𝑚+1 ]
𝑁.𝐶.
∑
𝐾𝑑,𝑚 𝐾𝑑,𝑘 (1 +
+
+ ∑𝑧=1
+
+
+ 𝑘
+
+ 𝑘 )
𝐾𝑑, 𝑘 𝐾𝑑,𝑚
𝐾𝑑, 𝑧 𝐾𝑑, 𝑘 𝐾 𝑖
𝐾𝑑, 𝑘 𝑧=1 𝐾𝑑, 𝑧 𝐾𝑖,𝑘 𝑘 (𝑖+1) 𝑘 (𝑖+1) 𝐾𝑖,𝑘/𝑛
𝑛
𝑛

(5.2.13)

𝑟𝑛 =

𝑛

𝑟𝑛 =

𝑟𝑗 =

𝑛

𝑛

𝑛

𝑛

𝑑,
𝑛

𝑛

𝑛

𝑛

𝑑,

𝑛

𝑑,

𝑛

𝑘𝑓,𝑛 is the rate-limiting turnover rate for enzyme n. [𝑁𝑆𝑘 ] is nucleotide sugar concentration.
𝐾𝑑,𝑚/𝑛 is the dissociation constant of the acceptor enzyme complex and 𝐾𝑑,𝑘/𝑛 is the dissociation
constant of the donor enzyme complex. 𝐾𝑑, 𝑧 is the dissociation constant of competitor enzyme
𝑛

complex.
In the PFR system, the enzyme is distributed along the axial direction and can be represented by
the following equation:
1 𝑧 − 𝑧𝑛,𝑚𝑎𝑥 2
[𝐸𝑛 ](𝑧) = 𝐸𝑛,𝑚𝑎𝑥 exp (− (
) )
2
𝑤𝑛

(5.2.14)
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𝐸𝑛,𝑚𝑎𝑥 represents the peak concentration of enzyme, and 𝑤𝑛 is the width of the distribution. 𝑧𝑛,𝑚𝑎𝑥
represents the position along the Golgi where the enzyme reaches highest concentration. Similar to
cell culture model, dissociation rate is also correlated with temperature in different format as shown
in Table 5.2 2.
Table 5.2 2 Parameter with temperature change for glycosylation
Parameters

Equation

𝐾𝑑,𝑀𝑎𝑛𝐼𝐼 , 𝐾𝑑,𝐹𝑢𝑐𝑇𝐺0 , UDP − Gal

𝑃𝑚 = 𝐴𝑚 𝑒 − 𝑅𝑇

The rest of the dissociation rate and

𝑃𝑙 = 𝐵𝑙 𝑇 2 + 𝐶𝑙 𝑇 + 𝐷𝑙

𝐸𝑎𝑚

nucleotide surgar concentration
It has been found that only dissociations rate for ManII and FucTG0, UDP-Gal concentration satisfy
the Arrhenius equation. All other components have polynomial trends as temperature increases. To
simplify the model, it assumes enzyme concentration kept constant, however it is not true. This
means the change of the rate constant under the temperature shift shows a lumped effect of both
enzyme activities and concentrations.
The model is developed in MATLAB R2018b, the unstructured cell culture model is solved by
ODE45. The structured glycosylation model is the system of partial differential equations (PDEs)
and is first decomposed along the axial coordinate of Golgi apparatus by finite difference method.
The resulted ODEs are solved by ODE15s

5.3

Parameter estimation

In the mechanistic model, parameters including maximum growth rate, death rate, yield coefficient,
dissociation constant need to be estimated to capture the dynamic trend for the cell density,
productivity and glycan fractions. The general way to describe the kinetic model can be represented
in equation (5.3.1).
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ycal = 𝑓(𝜃; 𝑥)

(5.3.1)

where x and ycal represent the input; 𝜃 is the parameter estimated. To obtain the parameters, leastsquares minimization is used to obtain the least difference between the calculated results and
experimental results. The objective function is shown in equation (5.3.2).
𝑛

𝑚

𝑇

2

(5.3.2)

F(θ) = ∑ ∑ ∑ (yobsi,𝑗,𝑡 − 𝑦𝑠𝑖𝑚𝑖,𝑗 ,𝑡 )
𝑖

𝑗

𝑡

yobsi,𝑗,𝑡 and 𝑦𝑐𝑎𝑙𝑖,𝑗,𝑡 are the jth components in ith experimental runs under different conditions at
time t. Due to different components are under different magnitudes and will devote various weights
to the parameter estimation when adding them up during the parameter estimation. Each of the
component is standardized using equation (5.3.3). The obtained model output is also processed
with the same treatment as shown in equation (5.3.4).

𝑦𝑜𝑏𝑠𝑖,𝑗,𝑡 =

𝑦𝑜𝑏𝑠𝑖,𝑗,𝑡,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 − ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
𝑦𝑜𝑏𝑠𝑖,𝑗,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙
𝜎𝑜𝑏𝑠𝑖,𝑗,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

(5.3.3)

𝑦𝑠𝑖𝑚𝑖,𝑗 ,𝑡,𝑚𝑜𝑑𝑒𝑙 − ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
𝑦𝑜𝑏𝑠𝑖,𝑗,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

(5.3.4)

𝑦𝑠𝑖𝑚𝑖,𝑗 ,𝑡 =

𝜎𝑜𝑏𝑠𝑖,𝑗,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

Where 𝑦𝑜𝑏𝑠𝑖,𝑗,𝑡,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 represent the data that are obtained directly from experiment.
𝑦𝑜𝑏𝑠𝑖,𝑗,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 are the average value of the data from day 0 to day 14. The standard deviation of
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
original data from experiment is 𝜎𝑜𝑏𝑠𝑖,𝑗,𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 . 𝑦𝑠𝑖𝑚𝑖,𝑗,𝑡,𝑚𝑜𝑑𝑒𝑙 represents the outputs that solved
from ODEs. In this way, all the data are transferred to the data format with zero mean and standard
deviation equals 1. But the shape of the data and their trends will not be changed. In this way, the
contributions from each component are weighted. The estimation starts with initial points that are
obtained from literature and then simulated annealing is applied for global optimization. The idea
for simulated annealing is to screen multiple possible local minima within the large search space.
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The output will be used as the initial points for local optimization where ‘fminsearchcon’ and
‘fmincon, sqp’ function in MATLAB 2018b are used in sequence.
The parameter estimation starts from cell culture model. Single-cell productivity is thus obtained
and used as input to the glycosylation model. There are 11 parameters estimated in cell culture
model including growth and death rate, Monod constants, growth-related and nongrowth-related
parameters. 14 parameters are estimated for glycosylation model. It needs to notice that only
enzyme dissociation rate and nucleotide sugar concentrations in glycosylation model are estimated
and enzyme concentrations in Golgi apparatus are obtained from literatures [150, 165, 168].
On one hand, although researches in the literature investigate the temperature and pH effect to
glycosylation process, few of them corporate temperature in their model. On the other hand,
physical stimuli to cell growth, protein production, and product quality are independent from cell
line to cell line and product to product. Thus, the first step of the model development is to
understand how model parameters are changed with temperature and pH. In this study, parameters
are first evaluated independently from run to run and correlate the change with temperature using
the Arrhenius equation or regression model. Since cells are first cultured under 37 ℃, pH =7.1 for
the first four days and then shifted to a different pH and temperature except for the control run. All
the bioreactor runs are fitted for the first four days together with control runs, in order to improve
the generalization and accuracy of the parameter estimation. For those runs with temperature shift,
a new set of parameters are obtained. Once the parameters are obtained, the regression models are
used to capture the trend.
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5.4
5.4.1

Results
Cell culture and protein production

Model parameters are estimated under four culture conditions. In general, the prediction of viable
cell density, glucose concentration, ammonia concentration and protein titers are all in good
agreement with experimental results shown in the Figure 5.4 1 to Figure 5.4 3.
For cell growth, exponential growth phase, stationary phase and death phase exist in all bioreactor
runs. With pH shifting down, cells have a slightly (1-2 days) longer exponential growth phase than
control phase while their maximum cell concentrations and dynamic trend do not have a significant
change. This result consistent with that in the literature which use the same cell line[53]. The
reduction of the temperature slightly increases the cell concentration which also consistent with
that found in the literature[137]. However, it is hard to conclude if temperature shifts up affect the
cell growth. Reading from the Figure 5.4-1, viable cell concentration with temperature shift up is
slightly higher than that of the control. However, their initial culture concentrations are around two
times higher as well. (0.6 M cell/ml for T=39 ℃ , and 0.3 M cell/ml for T =37 ℃ ). Nolan et al. [43]
reported an increasing integrated viable cell density when increases the initial concentration from
0.9 M cell/mL to 1.8 M cell/ml. The results indicated that increasing, decreasing temperature and
pH increase the titer as well as the cell productivity. Especially with the reduction of the
temperature, cell productivity is doubled compared to the control run in the cell death phase. Similar
results are found in the literature for CHO-K1 cell [169]. One explanation is that the mild
hypothermia condition reduces the death rate and nutrient consumption rates during the cell culture.
Last but not least, ammonia concentration is also tested in this study. The reduction of temperature
reduces the production of ammonia. Increasing the temperature and decreasing the pH increase the
ammonia concentration. Decreasing pH increases the ammonia concentration for around 4 times.
In terms of the model, the general trend of each component that under different temperature and
pH shift are captured by kinetic model. However, viable cell density under temperature shift down
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is poorly captured, especially for the exponential growth phase. This is mainly due to the high initial
ammonia concentration at the beginning of the cell culture (around 1-3-fold higher) however the
viable cell density does not show a significant decrease for the first few days. For the current
developed equation, only glucose and ammonia concentrations are considered as factors to cell
growth. The high concentration of the ammonia reduces the growth rate of the cell growth in the
model which cause the deviations of the prediction. To deal with this problem, one suggestion is to
include more factors, such as asparagine, lactate and glutamine in the prediction of the cell growth
rate [43, 163]. Another possible reason is that ammonia concentration does not have a significant
effect to cell growth when it is below to a certain level[170]. A biological replication of the
temperature and shifts down is suggested to further confirm the critical factors that affect
temperature change.
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Figure 5.4 1 experimental data and simulation fitting results for cell culture components under
control and temperature shift up.

Figure 5.4 2 experimental data and simulation fitting results for cell culture components under
control and temperature shift down.

102

Figure 5.4 3 experimental data and simulation fitting results for cell culture components under
control and temperature pH shift down.

5.4.2
5.4.2.1

Golgi N-linked Glycosylation
Glycan fractions

Experimental data shows that G0, G0F, G1F, G2F, Man5 and G1 are the major glycan fractions in
the final products which represent the level of glycosylation by calculating the galactosylation, high
mannose, and afucosylation index. To simulate reactions in the Golgi apparatus, the biochemical
reaction pathways are simplified into the following branches in Figure 5.4 4 based on the important
glycans that can be measured from experiments. ManI, ManII, GnTII, GalT, and FucT are enzymes.
UDP-GlcNAc, GDP-Fuc, and UDP-Gal are major nucleotide sugars.
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GnT1 (UDP-GlcNAc)

ManII

FucT (GDP-Fuc)

ManI
GnTII (UDP-GLCNAc)

GnTII (UDP-GLCNAc)
FucT (GDP-Fuc)

GalT(UDP-Gal)

GalT(UDP-Gal)

GalT(UDP-Gal)

GalT(UDP-Gal)

Figure 5.4 4 Simplified glycosylation pathway
Glycan fractions can only be measured starting from day 4 and day 6 onward due to the limited
protein concentrations at the beginning of the cell culture experiment. Glycan fraction fittings for
control, temperature and pH shifts are shown in Figure 5.4 5 to Figure 5.4 8. It indicates that during
the cell culture, there is an increasing trend of Man5, G0F and G0 for all the runs independent from
the temperature and pH shift. G1F and G2F have decreasing trends. G1 keeps constant for most of
the time with an insignificant decreasing trend. This means that, from the stationary phase to the
cell death phase, the level of glycosylation is reduced, especially for fucosylation. One possible
explanation is that with the cell productivity increased during the cell death phase, protein does not
have long enough time to stay inside the Golgi apparatus which reduces the time for protein posttranslation. Another explanation is that the high mAb productivity consumes more energies insides
the cell and reduces the enzyme expressions for N-linked glycosylation[148]. Mechanistic model
can capture this trend as shown in the blue line for all the bioreactor runs. However, for the run
with temperature shift down, as shown in Figure 5.4 5, the prediction is not accurate from day 6 to
day 8. This is mainly because of the inaccurate model prediction for cell concentration from day 5
to day 7. It is also found that there is a high prediction error that exists on the fitting of pH shift.
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With the replications of the control runs and temperature shift up runs, errors are added to the figure
and R2 values are calculated to evaluate the goodness of the fitting. All the fittings have R2 > 0.96,
which indicates the fittings are good.

R2 = 0.997

R2 = 0.998

R2 = 0.993

R2 = 0.997

R2 = 0.996

R2 = 0.995
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Figure 5.4 5 Glycosylation experimental data and simulation fitting results for control run

R2 = 0.996

R2 = 0.966

R2 = 0.975

R2 = 0.996

R2 = 0.999
R2 = 0.997
Figure 5.4 6 Glycosylation experimental data and simulation fitting results for temperature shift
up
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Figure 5.4 7 Glycosylation experimental data and simulation fitting results for temperature shift
down
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Figure 5.4 8 Glycosylation experimental data and simulation fitting results for pH shift down
However, the parameter fitting for another two runs cannot be evaluated using R2 due to the lack
of replications. The goodness of parameter fitting is further evaluated by calculating the root mean
squared error (RMSE). For all the fittings under different conditions, RMSE are less than 0.03.
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Model prediction vs experimental measured is plotted in Figure 5.4 9 indicating the good
agreements between mechanistic model and experimental data for control and temperature shifts.

T = 37 ℃, pH = 7.1
RMSE=0.0138

T = 39 ℃, pH = 7.1
RMSE = 0.0278

T = 35 ℃, pH = 7.1
T = 37 ℃, pH = 6.7
RMSE = 0.0258
RMSE = 0.0274
Figure 5.4 9 Comparison of experimentally measured glycan fractions to mechanistic model
output
RMSE is relative to the scale of the data and is only powerful when comparing the fittings for the
same sets of data by using different fitting methods. To test the model accuracy statistically,
relative root means square error (RRMSE) is calculated [171]. Considering the measurement and
biological replication errors from the experiment, the mean relative standard deviation (MRSD) of
the experimental data are also obtained for the runs with replications. As shown from the table, for
those fittings with large RRMSE, their experimental MRSD is also significant.
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Table 5.4 1 RRMSE and MRSD calculation for control run and temperature shift up run
Condition
Glycans

T = 37 ℃, pH = 7.1
RRMSE

Exp MRSD

T = 39 ℃, pH = 7.1
RRMSE

Exp MRSD

Man5
15.9 %
23.6 %
18.2 %
20.5 %
G0
14.3 %
18.4 %
9.6 %
4.6 %
G0F
1.8 %
1.74 %
4.4 %
7.14 %
G1
37.2 %
36.7 %
36.5 %
39.1 %
G1F
7.8 %
8.6 %
17.5 %
21.0 %
G2F
20.3 %
23.4 %
21.2 %
39.3 %
As it is known from R2 calculation, control and temperature shift up runs show good accuracy of
model fittings. Based on the MRSD calculations, a metric is obtained to evaluate the goodness of
fittings for all the components, which is summarized in Table 5.4 2.
Table 5.4 2 RRMSE calculation and evaluation for temperature shift down and pH shift down run
T = 35 ℃, pH = 7.1

Glycans

T = 37 ℃, pH = 6.7

Acceptable range

Man5
34.8 %
33.9 %
< 30 %
G0
9.4 %
19.6 %
<20 %
G0F
7.6 %
6.5 %
<10 %
G1
19.2 %
53.4 %
<40 %
G1F
14.8 %
23.1 %
<20 %
G2F
37.2 %
32.3 %
<40 %
From the result, most of the glycan fittings for temperature shift down can be well captured, except
for Man5. Although Man5 and G1 cannot be well captured when it has pH shift up, most of the
components are within the acceptable range. From the cell culture data, it is found that ammonia
concentration of bioreactor 4 is higher than that of other runs and is around 3-fold higher than that
of control run in the cell stationary and death phase. High ammonia concentration would increase
the intracellular pH, which will further reduce the enzyme activities. However, in the model
ammonia effect has not been captured.
5.4.2.2

Glycan Indexes

In order to further understand the temperature and pH effect to protein quality attributes, glycan
indexes are calculated and compared as shown in Figure 5.4 10 (experimental results) and Figure
5.4 11 (simulation results) which can indicate the relative relations of dynamic change of glycan
indexes. The red line provides the upper and lower bound of the required glycan index for Herceptin
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production [162]. It is obvious to see that afucosylation and high mannose are all within the range
of the required target quality attributes. In addition, shifting down the temperature or reducing pH
reduce the high mannose fraction. Adjusting temperature and reducing pH reduce the fraction of
afucosylation. This reflects that temperature and pH shift increase the fucosylation. However, the
level of galactosylation is below the lower bound. It shows that changing temperature and reducing
pH all decrease the level of galactosylation. We received preliminary pH shifts up data from our
collaborators and the results indicate that increasing pH would increase the level of glycosylation,
which is interesting to investigate further.

Figure 5.4 10 Comparison of experimental data for glycan Index under different conditions
Similar to Figure 5.4 10, the simulation results also correctly captured the temperature and pH
effects on product quality attributes.
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Figure 5.4 11 Comparison of simulation data for glycan Index under different conditions
One benefit of the mechanistic model is to predict intracellular components under the change of
physical or chemical stimuli, interprets the effect of the glycosylation process and further guides
the improvement of product quality. The normalized dissociation rates and nucleotide sugar
concentrations estimated from mechanistic model are shown in the Table 5.4 3 below. Recap from
equations 5.2.11 to 5.2.13, increasing the dissociation rate will decrease the enzymatic reaction rate.
Reduction of the nucleotide sugars also reduces the production rate. It has found that reducing the
temperature increases the dissociation rate of the galacosylation and reduces the formation of UDPGal., thus small amount of G1F and G2F are formed. When the temperature increases, the
dissociation rate for ManII increased, which reduces the amount of glycan for later reactions. With
the increase of the dissociation rate, the galactosylation of the product thus decreased. It also finds
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that, with pH increasing, many of the enzyme dissociation rates increased. This might cause by the
increase of ammonia concentration in the extracellular media.
Table 5.4 3 Kinetic constant simulated from mechanistic modeling
Conditions

𝑘𝑑,manII

𝑘𝑑,GalT (G0)

𝑘𝑑,GalT(G0F)

𝑘𝑑,GalT(G1F)

UDPUDP-Gal
GlcNAc
0.55
1.11
1.50
1.50
0.53
0.50
T = 35 ℃
1.00
1.00
1.00
1.00
1.00
1.00
T = 37 ℃
1.50
1.24
1.35
1.28
0.71
1.48
T = 39 ℃
As currently none of the bioreactor runs discussed in this study provide product quality that satisfies
the FDA required quality attributes. Further researches need to focus on the improvement of the
galactosylation of the protein. For example, investigate the effect of ammonia, uridine, and Mn+
additions during the cell culture. After that, since temperature shift increases the productivity of
the protein production significantly, to further improve the level of protein galactosylation with
reduced temperature, one approach is to increase the formation of UDP-Gal. It has been found that
adding galactose and uridine possibly increases the UDP-Gal and further increases the
galactosylation [36, 172].

5.5

Conclusion

In this study, a mechanistic kinetic model has been successfully developed to capture the
temperature effect to fed-batch bioreactor cell growth, protein production and glycosylation. It
shows that increasing and decreasing temperature during the cell culture decreases the protein
galactosylation for different reasons. The increase of the temperature does not affect the formation
of UDP-Gal but increases the dissociation rate of ManII, GalT, which further reduces the formation
of posttranslational glycosylation process. Thus, to improve galactosylation, the enzyme expression
and activities need to be investigated by maintaining ammonia concentrations within a certain level.
However, reduction of the temperature reduces nucleotide sugar concentration as well as the
dissociation rate of GalT. Increasing the nucleotide sugar by adding galactose or uridine during the
cell culture is suggested.
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For future work, replications need to be provided for temperature and pH shifting down, which can
further improve the model fitting with the consideration of biological run uncertainties. DoE needs
to be finished to test whether increasing pH has positive effects on increasing the level of
galactosylation of the protein, which will help achieve the required quality attributes for our target
product. Based on the replicated data, the most fitting should be reconducted for temperature and
pH shifting down. Aspartate, lactate, and glutamate can be tested for each run and evaluate their
effect on cell growth. If it is necessary, considering their effect on cell growth rate in the model
would further improve the model accuracy
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6

Summary and future work

In this dissertation, process modeling and system analysis methods have been used to
improve the biopharmaceutical manufacturing process, specifically for monoclonal
antibodies (mAbs) production. Two approaches are introduced, including plant decisionmaking and single unit operation optimization. Plant decision-making with new process
design, existing process optimization, and novel process evaluation are achieved by
flowsheet modeling. End-to-end continuous integrated processes are developed for
different biologic drug production and compared by techno-economic analysis, which
reveals the benefits of continuous operations. By applying deterministic and sensitivity cost
analysis, different operating modes under multiple scales and process parameters are
evaluated. Two case studies demonstrate the benefit of continuous manufacturing on a
large-scale manufacturing operation. However, for small-scale production, the benefits
vary from case to case.
Single unit operation mainly focuses on the upstream production bioreactor as it affects not
only overall process productivity but also drug efficacy and potency. A framework is built
to improve process understanding as well as finding an optimum design space to satisfy
required productivity and quality. Mechanistic modeling is first used to correlate process
parameters with cell growth and critical product quality attributes. Based on the
mechanistic model experiment, a surrogate model is developed. The surrogate model
requires a small amount of data but can provide a high accuracy on product quality
prediction. Feasibility analysis is then implemented to the model for operating design space
investigation. With the idea of the framework, the mechanistic model is further developed
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based on experimental data from our collaborators and guides experimental product
improvement.
Based on the research in this dissertation, a few recommendations on future research are
listed below.
•

For integrated flowsheet development, a more detailed continuous manfaucturing
process with auxiliary equipment, buffer preparation tanks as well as online PAT
system for continuous manufacturing can be further designed. Unlike batch process,
the online sensing system would be critical to ensure the product quality and reduce
the production waste caused by a failure in the continuous process.

•

Continuous process can be further optimized by flowsheet model. As provided in
Chapter 3, case study two, the batch process can be optimized based on the number
of upstream bioreactors selected. The continuous process can also be optimized by
the selection of multiple production lines or different upstream downstream
arrangement.

•

Although in recent years, different researches have been investigating components
such as ammonia, galactose, uridine’s effects on protein glycosylation but there is
no research specifically on Herceptin production. Since different cell-lines will
have different reactions to chemical and physical stimuli, it deserves to investigate
their effect to the quality attributes improvement. Furthermore, as it is mentioned
in the dissertation, increasing pH might increase galactosylation, thus it needs to be
tested and confirmed by experimental work.

•

With the multiple effects discovered, the model can be further developed to capture
more components. To handle multiple parameters within the system, the hybrid
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model is promising to use, which contains mechanistic model part to capture cell
growth and glycosylation under controlled conditions and use a surrogate model to
capture the effect of the parameters on the rate constants.
•

Although the framework is built for upstream bioreactor modeling, the same
framework can be applied to other unit operations such as chromatography and
filtration. With the individual unit getting built, the integrated model that captures
critical process parameters and critical quality attributes can be obtained. Thus,
sensitivity analysis and feasibility analysis can be applied to these parameters to
investigate design space for the overall process.
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