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ABSTRACT

With the increasing global market demand, prohibitive drug cost, and
biosimilars competitionthe biopharmaceutical industry is under pressure to speed up
the development and manufacturing of biological products. To increase biologics
production while maintainingroduct quality the industry attempts to 1) improve the
processes through intensification and optimization, and 2) explore new process designs.
With this shift comesincreagng complexity leading to a largeaumber of process
variables to be monitoredontrolled and optimizedMoreover, the Qualigpy-Design
(QbD) initiative introduced byrDA to take product quality into account during the
process design, is driving the biopharma industry to acquire dpepsgssnsights.

With the increasing demand for process understandimg) the pressure in cost
reduction the industry is turning tm silico solutions to assist with su@htransition
Given the industrial trendhis dissertation aims to apgbyocess systesengineering
(PSE)toolsto empower then silico development of biopharmaceutical manufacturing
processes

The first part of the thesisas presented in Chapte?-4, focuses onthe
applications of PSE tools onndividual unit operations, specificallywarious
chromatography unit$p support process characterization and optimizalin@hapter
2, asurrogatebased feasibility analysimethodis proposed to identify the design space
of continuous Protein A chromatography, aiming to strikebadance between
computational complexity and model prediction accurddgchine learninghased

optimization framework is introduced in Chapter 3amdress the nonconvex and
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nonlinear constrained optimization challenges encountered in biopharmaceutical
separationThis framework isapplied to a case study involving the separation of a
ternary protein mixturesing ionrexchange chromatography. The focus of Chapter 4 is
to develop hybrid models witanhancednodel predictabilityto describe the unclear
and complex binding behavior within the hydrophobic interaction chromatogréipay
aim isto reduceheinvestment effort required fatevelopingmechanistic model while
extractirg the missing relationships that cannot be captured by the mechanistic model.
Considering the trend in transitioning from batch to continuous procdbses,
second part of the thesis focusesconductingproofof-conceptstudy to evaluate the
feasibility of transitioning from batch to continuous biomanufacturragethrough
the establishment an silico platform, as presented in Chapter 5.
The applications of PSE tools in the biopharmaceutical procegsesfically
through process modeling and system angliisige demonstrated significant potential
in enhancing process understanding and facilitating proasslopment /
improvement The methodologies and frameworks proposed in this dissertation can
providefurtherinsights intathe costeffectivedevelopment anchanufacturingdf high
quality biological drug, promoting further investigation and implementatiomdilico

technology in lhpharmaceuticahdustry.
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Chapter 1

INTRODUCTION : APPLICATION OF MODELING IN  ADVANCED
BIOPHARMACEUTICAL MANUFACTURING PROCESSES

Tremendous growth has been witnessed in the biopharmaceutical market over
the past few yearss evidenced btheincreasingbiological drug approvals by the EU
and the US regulatory agenciés4]. Driven by patiendemand andompetition in the
biosimilar marketthe biopharmaceutical industry is under pressure to speed up the
developmenand manufacturingf biological product$5]. However, the development
of resourcantensivebioprocesses is invariably accompaniedhiogh manufacturing
costs, which makes biotherapeutics inaccessible to a significant part of the population
[6]. Toimprove the efficiency of development and manufacturingiolfogics while
adhering to quality and regulatory requiremertt®e biopharmaceutical industry
attempts tal) improve the processes through intensification and optimization2)and
explore new process desigri®or instancethere is a transition frortraditional fed-

batch bioreacterto more complicated perfusion proces$és8] and from single

Sections ofChapterl areadapted from the following journal artisleand book chapters
written by the author of this dissertation:

Ding, C., Yang, O., lerapetritou, M., Towards digital twin for biopharmaceutical
processes: concept and progress In: Pdtner, R. (eds) Biopharmaceutical
Manufacturing. Cell Engineering, vol 11. Springer

Malinov, N., Raudenbush, K., Ding, C., Reddy, J., lerapetritouERtito-end process
flowsheemodeling forbiopharmaceuticgiroduction:currentstate anduturepotential
Current Opinion in Chemical Engineerifignder Review].



column batch chromatography to mwdblumn continuous operatiof6, 9, 10]
However, his transition significantlyincreases the complexity of bioprocess
necessitating the monitoring of additional process variables to ensure both reliable
operations and product qualitioreover, the Qualitpy-Design (QbD initiative
introduced by FDA to take product quality into account during the process design, is
driving the biopharma industry to acquire deeper insights into the connection between
bioprocess and bioprodugil]. With the increasingdemand forcomputational
capabilities and process understanding, the indistiyrning toin silico solutions to
assist with such transition by constructing a digital platfeeferred to aa digital twin
(DT), to evaluate the updated process designs and opataetremes befommaking

final decisiong12, 13]

1.1 Digital Twin

1.1.1 General Concepts and-ramework of Digital Twin

The concept of theligital twin (DT) can be traced back to 2002 when the
AConceptual I deal for Product Lifecycle
Grieves and presented to the industry at the University of Michight6]. Since the
inception of DT, this terminology has progressively evolved over time, but the basic
idea of DT has barely changed. The most widely accepted interpretation comes from
Glaessegen and Stargel, that a DT is a combination of-ptuysics, multisda, and
probabilistic simulation for a complicated process with the utilization of physical data,
sensors, and models to reflect the behavior of its corresponding physicfl3wirY]

A complete DT is composed of three key elements: a physical component that currently

Ma

exists or wild.l e x i physicalitwni ntoh) e pmh ysiirctaula | v ari I



exi sts i ndgitahtwi voxy t uamd (fihe aut omated dat a

bet ween t he tdgialttoengild® @ The drtugl plandynamically
receives data from the physical pla@hablingreattime monitoring, process analysis,
optimization,while alsoproviding operational guidance or execution signals back to the
physical planf20]. Moreover, he virtual plant receivesriousprocess data, meta data,
customer sO0 f eedbagikvestmerd plamand selecstategias &ome n t
physical plant to execut&o achieve these functiondata acquisition and data storage
systems, modeling and analysis software, control, and digital/cloud platforms are

designedas illustrated in Figure 1.1.
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Figurel.l: Schematidllustration of different components of DT

An early demonstration of the commercial application for a fully integrated DT

was documented by Gener al El ectric (GE)



platform is developed for generating DT to supply historical andtireal process
information and to run data analytics and optimiza{ib®]. Nonetheless, from the
perspective of practical application, simplified or partial DT is more favorable for the
industry because it is much easier to realize in the actual production process. In
particular, a digital shadow is one of the simplified DT a&pts in which there is only

a oneway flow from physical to digital componexibut no channel for reverse data
communicatior{13, 21}

The digital twin is attracting increasingly more attention recently due to the rapid
development of the Internet of things (loT), Industry 4.0 technologies, advanced data
analytics, and artificial intelligencg22, 23] A complete DT could provide a
comprehensive and holistic understanding of the process by constructing a network of
dependencies between réiahe data and their underlying meta information.
Specifically, the establishment of DT provides an efficient wapdhieving the cyber
physical integration of manufacturing practices, which could help obtain all accessible
process information across different scales and sites and enabiens=aiformation
communication with the physical process control sysiadn 25] By virtue of the
digital object like process analysis and optimizatiansilico process model could be
developed and updated in sync with data from the physical component to provide
guidance for the actual procedures and further improve the overall efficiency and
mitigate the risks in operation and maintenance. In general, theadmpigcofDTs have
demonstrated their capabilities in facilitating remote sensingtirealmonitoring, data
acquisition, information exchange, process visualization, amdeps knowledge

extraction[13, 26:29]. Integrated DTs have been applied in various industries including



aerospace, semiconductor, energy production, smart product manufacturing,

automotive transportation, and healthddrg 19, 23]

1.1.2 Development of Digital Twin in Biopharmaceutical Processes

A typical platform for biopharmaceuticptoceses can be divided into upstream
(USPs) and downstream processes (DSPs), where USPs are mainly used for protein
production and DSPs are for protein purificat[80]. USPsinvolve inoculation and
seed cultivation to scale up cell lines, as well as cell culture to produce praftein
interest. DSPs in biologic production consist of various unit operations, including
product recovery, primary capture, virus inactivation, polishing, virus removal, and
ultrafiltration/diafiltration (UFDF) stepg31, 32] Product recovery aims separat¢he
biomassand most impuritiefrom the media througtihe combination ofentrifugation
and depth filtratiorj33]. Primary capture is performed to remove most of the precess
related impurities like culture media components, host cell proteins, and B&A
primary captureProtein A affinity chromatography is a standard methodrfost all
monoclonal antibodies (mAbs) and related prodbetsause of its high selectivity and
efficiency[34, 35] Virus inactivation and removal steps are crucial for ensuring virus
clearance, thereby meeting the regulatory requiren|86ts37] The polishingstep
aims to eliminate productlated impurities that have similar properties to the target
protein, such as fragments, aggregates, charge variants, repidualsselated
impurities as well as virusg88]. Commonly used chromatographic techniques during
this step include iomxchange chromatographflEX), hydrophobic interaction
chromatographyHIC), and mixeemode chromatograpfMMC). UFDFis conducted

to obtain the therapeutic protein at the desired concentration and exchanggBliffer



Among these unit operations, primary capture and polishing step are the most significant
operations to achieve protein purificati@i®].

The implementation oDT in biopharmaceutical manufacturing could help
accelerate the process development and gain thorough understanding of the process
while reducing the efforts of performing time and resource intensive experiffidnts
41]. The realization of DT would allow for reime monitoring, prediction of crucial
quality attributes, identification of design space, and process optimization to provide
reattime feedback and guide the operating proced{tes3]. Moreover, with the
development of simulation platforms and the fgisiwing biological drugs market,
biopharmaceutical companieewadayshave been working toward applying digital
twin concepts during process development and commercial manufactiiieg.
advanced computational hardware expands the capabilities of modeling which allows
faster and more reliable model building.

To accelerate process scale and reduce experiments required, Pfizer built a
two-phase bioreactor computational fluid dynamic (CFD) simulation to predict the
transport and fluid dynamics inside of bioreactor from small to large scale. Their GPU
workstaton allows parallel computations which can complete massive simulations
within a limited time and rule out nonideal physical conditi@gtdy. Biopharmaceutical
companies intend to collaborate with digital transformation companies to build their
digital twin system. For example, GlaxoSmithKline (GSK) cooperates with Siemens
and ATOS to operationalize digital twins by building a +t@ale vaccire manufacturing
simulation platform. The project aims to reduce the development times and optimize the
quality of their vaccine produdé3, 44] In addition, BioNTech also worked with

Siemens to digitalize their facility to produce COVID vaccine and reduce the



transformation timeline from one year to five months by applying automation and
digitalization technologief!5]. Sanofi announced a partnership with Dassault Systems
in order to use their 3SDEXPERIENCE platform to visualize and optimize operation
activities. The collaboration covers the éneend data management system, virtual
operation, process development sagbeand production industrializatidd6]. From

the above examples, it is clear that digital twin platforms contain key components
including a robust modeling platform, data acquisition and centralized data management
system. Control strategies should also be included for virtual plant and grplsict

"communication'{47].
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Figurel.2: A fully integrated DT framework for biopharmaceutical manufacturing.

In summary, @ realize a digital twin for existing physicplants a complete

virtual plant can beouilt, and a physicalirtual plant communicatiomeedsto be



establishedas depicteth Figure 1.2 The digital twin platform includsthe components

of process analytical technologies, process modeling, and physical plant
integration. The framework aldoghlightsthe methodologiegndlists detailed inputs

and outputs of each unit operation that can be measured and optiAmzedg all,

process modeling acts as a foundation, as the different modeling and analysis methods
are critical to ensure that the data are appropriately analyzed, and the processes are

accurately representéu silico.

1.2 Modeling and System Analysi®f Biopharmaceutical Processes

To realize DT in biopharmaceutical manufacturiitgs essential to develop
comprehensiveirtual representation of the physical plantherein process modeling
plays a critical role.Process modeling, which transforms process knowledge into
mathematical representations, could aid in reducing the experiment effort and gaining
deeper understanding of the process behaBmsed on the types of unit operations and
modeling objectives, different modeling approaches agafechanistic, surrogatand
hybrid modeling are commonly employedechanistic modeling, established on the
basis of governing phenmena, offersan in-depth understandingand insights into
underlying mechanismsHowever, its accuracy heavily relies on the current
understanding and knowledge of the procesgessurrogate modelserves asa
computationally inexpensive representation of a complex system or proaessonly
constructed using statistical techniques, machine leafiihg algorithms, or other
mathematical methods trained on data from the original sydgmeveragingthe
existing process knowledge and informatuberivedfrom the collected datahybrid
modeling combines mechanistic models with surrogate models to improve accuracy and

capture the complex dynamics of the processfear the development of unit operation



models, these models can be integrated together to construct the flowsheet model
representinghe integrated processgts, 49]

Following thedevelopment of modsto virtually simulate physical processes
the further applicationsof process systems engineerii®RSE)tools allow for irdepth
system analysis and facilitate their application to real processes for analysis and
improvementTypically, the PSE tools include sensitivity analysis, feasibility analysis,
economic analysissustainabilityanalysis,and optimizationtechniques Sensitivity
analysigprimarily serves as a to@r risk assessment by identifying tbetical proess
parameters (CPP#)atinfluencethe critical quality attributes (CQASt examinesow
variability in the model inputeesults inthe variations in model outputs0]. Especially
in complex processes wittumerougparameters, sensitivity analygkays a vital role
in reducinghedimensionality of the overgtlarameter spacehichfurther helglower
computational complexityor experimental effortsin subsequent analys€®1].
Feasibility analysis can be usedduwaracterize the design spdéeasible regionpf a
given processthrough feasibility function[52]. Identification of design space,
determined by the ranges in which a given process must operate to ensure product
guality, can helpomprehend the main effects of process variables and their interactions
on product quality, facilitating deepemunderstandingf the processind establishing
effective control strategie}®3, 54] Economic analysis is mainly used to assbes
economic feasibility of industrial processes for decisimaking and has been
extensively appliedcross various engineering domgmis, 56] Thisanalysisnvolves
evaluating process efficiency through pramesdelsand analyzing factors such as cost
of goods (COGskquipment cost, capital and operatexgendituresprofitability, and

cash flow [57]. Sustainability analysis is employed to estimate the potential



environmental impacts of products or processes, utilizing methodologies such as life
cycle assessmeifs8, 59] Process optimizatiors a valuable tooin identifying the
optimal operating conditions tachieve objectives such as maximizing yield or
productivity while maintaining product qualityThis type of analysijsconducted
through process modelingansignificantly reduce require@xperimental efforts and
coss[60].

In this section, current progress on process modaligheir applicationsin
system identification and analysis of biopharmaceutical processesvaaeed based

on each type of modeling strategy.

1.2.1 Mechanistic Modeling

In biopharmaceutical manufacturing, protbéiased, or mRNAased products
are produced using a series of production steps including a bioreactor followed by
separation, purification steps and final formulation steps. For bioreactor modeling,
mechanistic mdels can correlate operating conditions such as dissolved of@an
pH, temperature, feeding strategy, media compositions to cell activities, metabolite
concentrations, system homogeneity, and fluid dynamics. The models can predict and
optimize procesproductivity, and product quality1]. Inside of bioreactor, there is a
complex system with multiphase transport phenomanddynamically changed cell
populations characterized by complicated bioreacti68s These phenomena can be
captured by the structured or unstructured kinetic model, flux balance analysis model,
and CFD simulationThe kinetic model can be majorly used to predict and optimize
titer and product quality by adjusting the temperature downshift and feeding strategies.
Feeding strategies include feeding frequency, am@e®} as well as additional

components[64, 65] Apart from titer and qualitypopulation balance model is used
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[66] to predict the host cell protein (HCP) accumulation during the cell culture.
However, kinetianodelscannot include all metabolic reactions to avoid computational
expensive calculations. In stoichiometric model (such as flux balance analysis and
metabolic network analysis), the main assumption is considering that the intracellular
reaction is under a pgdo-steady state and net flux is z¢6@]. Using this model fluxes

can be estimated for metabolic cycles inside the cell to understand metabolic bottlenecks
under different operating conditiofs3-70]. To capture the cell dynamics, a dynamic
metabolic flux analysis is developed, which discretizes the time domain to multiple
intervals and calculates the flux change during each of these infgii/al2] Another
approach is to integrate the stoichiometric model with the kinetic n@8gl As
mentioned in the previous section, CFD simulation can be used to captdigughs
transfer and mixing heterogeneity of the bioreactor. CFD simulation can be integrated
with kinetic modeling methods to predict titer under different operating consliby

using oxygen addition, nutrient heterogeneity, and agitation rate.

Among the downstream operations, column chromatography has played a
dominant role irbiopharmaceutical protein purification with high selectivity over the
past two decadd$4, 75] Generallyjn the production of mAlselated product$?rotein
A chromatography is applied during the primary capture step to remove prelzdsd
impurities [76, 77} while different modes of chromatography are utilized in the
polishing step to further remove produetated and other residual impuritigs$-80].
Current research on chromatography modeling has focused on the understanding of
solute transport imobile phase (interand intraparticle) and adsorptidr@haviorin
stationary phag@4]. With different assumptions and simplifications, there are different

mechanistic models to describe mass transport of thenigh phase inside the column,
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including equilibrium dispersive model, lumped kinetic model, and general rate model
(GRM) [81-83]. Among them, general rate model is the most comprehensive one that
accounts for convection and axial dispersion in the interstitial column volume, film mass
transfer of solute from the interstitial to the intraparticle pore space, pore and/or surface
diffusion within the resin particle, and protein adsorpf8# 85] The transport model

is coupled with a kinetic model to describe the adsorption phenomena that drive the
chromatographicseparation. There are different mathematical forms of kinetic
expressions in the literatufé4, 86] and among these, the Langmmuiodelis a simple

and widelyused model to illustrate the intraparticle binding mechanism. Nonetheless
since the Langmuir model assumes independent binding sites and cannot account for
the dependence of salt on the adsorption, the steric mass action (SMA) model, which
incorporates the steric hindrance effects, is introduced for-exahange
chromatography86, 87] After the mechanistic model building, parameter estimation
and model validation are required to avoid overfitting and ensure the reliability and
generality of the modelhese developed mechanistic models can further contribute to
the prediction othromatographic behaviors apdrformance metrics like purity, yield

and productivity, identification of the design space and process optimiZa8p88

91]. Bhoyar et al[92] developeda robust mechanistic model capable of predicting full
Protein A chromatograms This model holds the potential forpredicing
chromatographic behaviors in larger columnglervarying flow rates,as well as
different elution schemes and buffer conditid@sbulla et al[93] utilized mechanistic
modeltbased optimization technique to separate von Willebrand factor fragments and
human serum albumiriThis approach resulted mgher product purityand reduced

buffer consumption, compared to the originally conducted experiments.
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Additionally, in order to capture the heterogeneity of internal flow in the radial
direction of the column, computational fluid dynamio®deling is also applied to
simulate the dynamic fluid floy©4, 95} but the application of CFD is limited due to
the expensive computational cost, high knowledge requirement of the internal column
geometry, and difficulty in experimental validation. It is worth noting that two
dimensional general rate model (GRM2@#s recently developed by the CADET
(Chromatography Analysis and Design Toolkit), which is an egmence package under
the supervision of Dr. Eric von Lier¢d6]. The newly built GRM2D model is adapted
from GRM by introducing a radial coordinate to consider the inhomogeneity transport
along the radial dimensid@7].

Membranebased unit operations like virus filtration and ultrafiltration are also
indispensablén the biopharmaceutical downstream prod@8s 99] Virus filters are
widely employed to ensure the safety of biotherapeutic proteins, anexsilzssion is
normally considered the dominant mechanism for virus cleafa0€¢ The blocking
model theory with varying blocking indexes combined with cake filtration model could
accurately characterize the virus filtration behaviors such as the membrane fouling and
filtration flux under different buffer conditions. In addition the sizeexclusion
mechanism, there exist other mechanisms like adsorption described by the Langmuir
and Freundlich theorig86, 37, 100103]. Ultrafiltration modules are typically used to
adjust theconcentration of the target protein component and the buffer media
composition38]. Reliabletransporiphenomendasednodels have been developed to
represent the ultrafiltration procedsy which it is modeled via the combination of
Stagnant Film Model for concentration polarization, Osmotic Pressure Model and

Boundary Layer Model for the mass transfer through the memipdane 04, 105]
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Binabaji et al[106, 107]developed a mechanistic model to describe the behavior of
ultrafiltration under highly concentrated antibody solution and validated the model
through experimental efforts. This model, capturing the intermolecular interactions and
backfiltration phenomenio at high concentration, could help increase the filtrate flux
and maximum achievable concentration by evaluating the effect of membrane modules

and operating protocols via simulation.

1.2.2 Surrogate Modeling

Mechanistionodels suffefrom theneed forhigh computation power, arbeir
accuracy highly relies on the obtained process knowletlyesurrogatemodel, also
known as datariven or blackbox model, is an efficient approach to simulate the
process with limited understanding and high complexity. With large amounts of data
involved, the computationally cheap surrogate model in a lower dimensiocal cgra
be obtained to represent the original complicated process. Surlbagse model has
been applied both in the upstream and downstream operations in biopharmaceutical
processefl08, 109]

In upstream, datdriven model has been used for delke selectiorf110], media
optimization [111], process prediction, optimization, and scale [di2, 113]
Multivariate analysis hashe capabilitiesof handing largeamountsof data and
information. Sokolov et al[114] usedprincipal component analysi$CA) to find
correlations between pH, temperature shift, and media composition with quality
attributes including aggregate, fragments, charge variants, and glycans. The authors also
usedpartial least square regressifLS) model coupled with genetic algorithm to
predict product titer and other quality attributes. Similarly Green and GlHsEgyuse

PLS and multway PLS to predict titer and quality attributes. The results show that
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online measurements such as pH and DO could not provide good prediction on quality
attributes.Combinedwith amino acids data, the quality attributes could be predicted,
which is not limited to lab scale but also manufacturing 4d4lé]. The predictability

of the model can potentially be used as a control chart to identify the deviations during
the operatioil12]. One limitation of the PLS model is that it can ocdypturethe linear
correlations. To deal with this issuapdelerscan choose machine learning methods
such asneural networksNNs), random forests, extreme gradient boosting, support
vector machines, Gaussian processts Alavijeh et al[112] reviewed the advantages

and disadvantages of each of the methods from the requirement of data source, model
efficiency and robustness. Bashokouh dtldl1]used NN with multilayer feetbrward
structure to perform a predictive model of titer and then apply the optimization
algorithm to find optimum amount of fetal bovine serum in media, temperature and
incubation time for maximum productivity.

The different applications of datixiven model have also been demonstrated in
downstream unit operations like column chromatogrgphy, 118] Wang et al[119]
applied NN modeling in protein chromatography for the estimation of adsorption and
mass transfer parameters by mappingirth&lico experimental chromatograms to the
corresponding model parameters. Li et [dRO] developed two different types of
surrogate modsl for efficient optimization of the simulated moving bed
chromatography and compared the performance of originadifdéir and reducedrder
models in terms of the computational time and accurAdgitionally, Sachioet al
[121, 122]applied machine learniAgased approaches to enable quick and efficient
identification of the design space for Protein A chromatography, which is uséii@ in

guantification of process flexibility, assessment of different operating points, and resin
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screening. Moreover, Bayesian optimization wasmployed for inverse fitting
parameters in ioexchange and hydrophobic interaction chromatography operations,
providing low computational demand and further facilitating rapid process development
[117].

Besides the application in chromatographic processes, ANNs and regression
models are trained based on the CFD simulation data of the membrane spacers under a
wide range of potential commercial designs and the resulting surrogate model could
accurately predt pressure loss and mass transfer coefficidr3]. In order to capture
the complicated fouling dynamics, Zhang e{&24] utilized the data collected from a
pilot-scale ultrafiltration membrane system to obtain three differeniciiatan models
(linear regression, NNs, and random forest), compared the performance of three

modeling techniques, and optimized the backwashesegutiming.

1.2.3 Hybrid Modeling

Mechanistic and surrogate models could both be used to simulate the process,
but they have different requirements for the process understanding and data.
Mechanistic model requires priori basis of knowledge about the process, and it is
challenging to postulate appropriate assumptions and develop a precise model, but the
model can be highly generalizable with physical or empirical interpretation of the
process. Surrogate model is determimadlusively from data, so the quantity and
guality of data signifiantly affect the model performance. Due to the lack of-first
principle knowledge, the computationally efficient surrogate model has poor
interpretability and generalizability. Thus, hybrid modeling is introduced to combine
the advantages and alleviate the drawbacks of the two models. The missing knowledge

in the mechanistic ndel can be represented by a surrogate model, constructing a hybrid
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model. It was observed that this strategy has the potential to significantly improve the
model predictive performand24, 125, 126]

The hybrid model of bioreactor modeling shows higher accuracy, extrapolation
and interpolation capabilities than both the mechanistic aneddaten modeld127].
Narayanan et a[128] used kinetic models to build mass balance equations. Then the
authors applied BlackBeRLS2 and stepwisBLS2 to predict rate constant from
operating parameters and metabolite concentrations. This method integrates kinetic
models and datdriven models. @nilarly, Stosch et a[129] also used hybrid model to
analyze the effects of temperature, pH, cell concentration, and feed rate on productivity.
Another approach is to have kinetimdelsand datadrivenmodelsconnected in series.
Kotidis and Kontoravdi[130] developed HyGlycoM model to predict glycan
concentrations under different feeding strategies. The mumlaprisestwo kinetic
modelsfor cell metabolism and nucleotide sugar donors (NSDs) arsthseutpul
NSDs concentration as inputs tbe NN model to estimate the glycosylation process.
Instead of using machine learning methademodetbased design of experiment was
applied to optimize media composition and feeding strategies. In this method,
mechanistic model built in MATLAB is integrated with §lgnExpert (AspenTech) a
software for design of experiment and basic statistical andly313. In this case, the
design of experimentsaa run in silico which will significantly reduce the resource
consumption for lab experiments and at the same time accelerate process development.
Data driven model can be also integrated with stoichiometric model to understand
metabolic shifts during theell culture[132], and predict amino acid concentration

[133], or quality attribute§134].
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In addition to its application on the upstream bioreactors, hybrid modeling
strategies are also applied in the chromatography and ultrafiltration procgRbes
Narayanan et aJ136, 137]developed different hybrid models with varying degrees of
process knowledge incorporated and evaluated their performance in terms of the
interpolation and extrapolation capabilities, prediction accuracy and application into
continuous chromatography syste Specifically, lumped kinetic model (LKM) is
selected for the mass transport because the fluid dynamics inside the column are well
described, while NN is introduced to represent the missing knowledge in the adsorption
dynamics. The developed hybrid modeitperformed the mechanistic model in terms
of prediction accuracy and robustness. To investigate the Protein A resin lifetime,
Gaussian Processes were first applied to correlate the aging parameters with cleaning
and loading conditions, followed by integing the GP to the lumped kinetic model to
construct the hybrid mod¢138]. The developed model could give insights into the
aging mechanism, which could further provide guidance about how to extend the resin
lifetime and decrease the cost of goods through process analysis and optimizaiipn.
et al [139] combined physicenformed neural networks (PINN) with LKM for fitting
and predicting experimental breakthrough cur¥#swever, this approach necessitates
largedatasetsand the model performance needs tgtsatlyimproved

With respect to ultrafiltration, Krippl et dl140] established a hybrid model to
predict the flux evolution and duration of ultrafiltration process under different
operating conditions like various proteins, membrane types, input parameters and
filtration modes. The prediction and robustness of this hyhddel are superior to the
mechanistic film theory model, which could be further integrated into the virtual plant

of digital twin. Thiess et a[141] combined a regression model with a physicochemical
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model to characterize and quantify the effect of module geometries of ultrafiltration

cassettes on mass transfer and pressure drop.

1.2.4 FlowsheetModeling

Besides individually modeling the unit operations, flowsheet models could be
built by integrating these single unit procedures. The resulting flowsheet models could
help capture process dynamics under process variation, and further identify design space
ard optimum operating conditions through system analysis and optimiZad@h
Flowsheet model is an essential part of a complete DT, but it is considerably challenging
to develop a flowsheet that can fully represent the physical plant due to the high
complexity of the integrated process ath@ intense requirement of computational
power resources. Consequently, current researclfiowsheet development either
focuses on coupling the downstream unit operations, oribgilde integrated process
model in the commercial simulation softwéid3].

Several attempts have been observed in building the integrated process model
for downstream operations. Coupling with the control system, the mechanistic models
of different chromatographic systems are integrated to construct a flowsheet model to
realize eaktime decision making and automatically optimize the operations conditions
[144]. In order to save computational time, ddtaven and hybrid models are employed
to build the flowsheet mode as well. Given the upstream product and abitingimg
fragment manufacturing process, Liu et[al5] developed an integrated dateaven
model for multiscale optimization to find the optimum chromatography decisions for
purification like the number of chromatography columns and their sizes, the number of
cycles per batch, and the operational flow velesitZahel et al[146] established an

integrated process model for three chromatographic steps with regression approaches
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and then incorporated Monte Carlo simulation into the model, which can be used to
estimate process capabilities, examine the product quality under process variations, and
provide riskbased decision. Hybrid model is also developed by Pirrung [@#al] to
optimize the chromatography decisions in terms of the chromatography modes,
operating sequence and conditions. Moreover, an integrated residence time distribution
(RTD) model for an integrated continuous downstream process is developed to describe
the inside mass flow, accelerate the stgt phase, and track the propagation of
disturbanceq148]. Recently, Rischawy et al.[149] first developed an integrated
mechanistic model for the entire biopharma downstream procEss model
incorporategapture, pH virus inactivation, depth filtration, adjustment, anion exchange
chromatography, pH adjustment, cation exchange chromatography, virus filtration and
ultrafiltration/diafiltration stepsThedevelopednodelhasbeen calibratedn lab scale
validatedat a manufacturing scale of 12,000andtested tcaccurately respond teal

input parameter variability in manufacturing scallecluding protein concentration,
volume, size variant composition, ion concentration, and pH.

On the other hand, flowsheet model for the biopharmaceutical process has been
constructed in different process simulators, such as SuperPro Designer and BioSolve
[150-152] Although these modeling simulations are based on mass balance calculations
and cannot provide detailed analyses of interconnections between different units, the
simplified flowsheet models can help develop process design, evaluate various
processing scemios and achieve decisionaking from the economic and
environmental aspects, especially at the estdge development. Petrides et[afl3]
built an integrated flowsheet model for a batch biopharmaceutical process sfimAb

SuperPro Designer for process scheduling, debottlenecking and economic analysis.

20



Recently, a transition from batch to continuous biopharmaceutical operations has been
noticed[98, 153, 154] It is significant to assess the feasibility and viability of this
transition and make decisions with the help of the flowsheet model. A lot of efforts have
been made for the comprehensive comparison between different operating modes (such
as batch, contuous and hybrid) and scenarios in terms of economic and ecological

assessmeifi150, 155158).

1.3 Challenges in Modeling Biopharmaceutical Processes

The fast development of digital twin capabilities and the successful attempts in
engineering applications such as aerospace have drawn significant attention from the
biopharmaceutical industry and the associated policymakers. Although building blocks
ofdigi t al twin (e.g., model s and PAT tool s)
Executive Order on Advancing Biotechnology and Biomanufacturing InnoVat®j,
Ch i n a éyear IFanvyoeDevelopment of Smart Manufactufih§0], and European
Uni onbs Digitizing Hlft)ane i alace, bemedalchalenges | ni t i
and gaps still exist, inhibiting the adoption of the technology in biopharmaceutical

industry.

1.3.1 Development of Appropriate Modek for Complex Biopharmaceutical
Processes

In order to have an accurate virtual representation of digital twin in
biopharmaceutical industry, having appropriate models to describe the physical
biopharmaceutical manufacturing processes is critical for digital twin implementation.
In current literature, even dlgh various modeling methods have been developed and
libraries of models are being incorporatetbisimulation software, their suitability for

complex industrial development processes needs to be closely exaRonatstance,
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hydrophobicinteraction chromatographyis one of tle widely used techniques in
downstream polishing steps, but the binding mechanism inside is quite complex, which
poses a challenge to the development of appropriate ntbdédecuratelydescribdts
behavior.In addition, the developed models are highly dependent on the appropriate
parameterization using data. In the early pharmaceutical development stage, the
available data may be biased as they are not collected for model development,
interfering with he evaluation and validation of the developed models. Such constraint
in data quantity and data quality often leads to a reduced capability in using the models

for process prediction and analysis.

1.3.2 Computational Complexity in System AnalysisApplications

To keeppace with the advancementsatificial intelligence (Al)anddigital
twins andalign with the quality by design initiative, théiopharma industry has
attempted to embrace advanced mdubeded approach to expedite process
development.Mechanistic models, rooted in prior process knowledge, Hmeaen
employed for process characterization and optimizablmmethelessas these models
evolve toconsiderprecise representations of process dynantlus, computational
complexity also increaseshindering the mplementation othese models for system
analysis like feasibility analysis and optimizatidtor instancethe design space for
continuous frontal chromatography procdg$62] and twincolumn countercurrent
solvent gradient purificatiofMCSGP)[163] were identified based on mechanistic
model by sampling the futiperatingspace, but this approach would result in a tradeoff
betweemmodelaccuracy and computational cdsicreasing the sample size may result
in improved accuracy of the identified design space, but it would increase the sampling

cost simultaneously
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1.3.3 Proof-of-Concept for New Process Design

The commerciakcale production of biopharmaceuticals is currently performed
in batches in which each unit operation is run sequentially, requiring human intervention
to handle the product inflow and outflow between different unit opergd@@464] In
addition to the large amount of workforce required, there are some other vital
shortcomings associated with batch manufacturing, including low productivity and
batchto-batch variability in product quality89, 165] With the increasing global
market demand, prohibitive drug cost, and biosimilar compet[ti@6-168], batch
operation has become inefficient and unable to meet those demands. Thus, a more cost
effective and flexible manufacturing platforns desired such as continuous
manufacturing Conducting procebf-concept (POC) or what study with physical
implementatiorrequires significant costdue tothe investmerst in equipment, labor,
capital operating costs, etc. Thus, itheth necessary anddvantageouto turn toin
silico simulations to perform such feasibility stesl by establishing entb-end
flowsheet moded. Under the consideration cbmputational power limitationg, must
be noted that for a fully integrated digital twin to be functional, the different unit
operations models of various degrees of complexity need to be properly connected,

enabling efficient information flow from upstream to downstream.

1.4 Research Goals

Considering the aforementioned challengég tesearch in thigissertation
aims to apply various process systems engineering tools to empower shieo
development of biopharmaceutical manufacturing procesdes objectives include
improving model suitability/robustness, reducing computational effort, and supporting

process assessments. For applications of PSE tools in supporting development, the
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researchspecifically focuses on a key unit operation of downstream processing
chromatographyas illustratedn Figure 1.3 Chapters 2-4 introducedifferent modeling
and system analysis methods incorporating macleaening (ML) algorithms to
support process characterization and optimizatidProfein A chromatography (ProA)

in primary capture, as well asn-exchange chromatography (IEXhd hydrophobic
interaction chromatography (HICinh polishing steps Considering the trend in
transitioning from bath to continuouprocessesthe research also targets to establish
an endto-end continuous platform for biomanufacturing, acting agasilico proof

of-concept(POC)study for new processas Chapter 5

Chapter 5

POC study for continuous bioprocess

\

[ |
Upstream Primary Virus Polishing Vs Formulation
Bioreactor Capture Inactivation Step Removal

| 1 |
Design space ML-based Hybrid model
identification optimization for | development for
for ProA IEX HIC
Chapter 2 Chapter 3 Chapter 4

Figurel.3 General overview of the research goals

1.4.1 Design Space Identification for ProA
ProAis a standard procedure for initial capture to remove most of the process
related impuritiesbut it suffers from high resin cost. To address this issukti-oolumn

periodic chromatographyhas attracted wide attentiorbecause continuous
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chromatography can obtain higher productivity and resin capacity utilization, and
consume less of the buffeModelbasedapproachis a valuable strategy to help
determire the design space of the continuous capture prpdastitating process
understanding and improving product quality.

Tobalance the computational complexity and model predicti©haptel aims
to utilize a novel approach to identify the design spaa®nfinuous chromatography
Specifically, surrogatebased feasibility analysis with adaptive samplingrgposed
andappliedto establish the design spacetlod twin-columnsemtcontinuous capture
(CaptureSMB process The effects of process variables (including interconnected
loading time, interconnected flovate, and batch flowate) on the design space are
comprehensively examined based on an active set strategy. Besides, essential factors
like recoveryregeneration time and constraints of column performance parameters
(yield, productivity, and capacity utilization) are thoroughly investigated. The impact of

design variables such as column length is also studied.

1.4.2 Machine L earning-basedOptimization for IEX

lon-exchange chromatographg an essential but complicated step in the
biopharmaceutical downstream process, with multiple factors affecting the separation
efficiency. Modelbased optimization can help expedite process developments with
limited time and resource investmentdowever, employing mechanistic models
directly for optimization often encounters challenges due to high computational
complexity. Additionally, finding optimal solutions in highly nonlinear and nonconvex
processes can be difficult.

Therefore, ChapteB aims to applya machine learninfased optimization

frameworkto addresshe abovementionechallengesSpecifically, Gaussian Process
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Regression(GPR) models are utilized as substitutes for the mechanistic model in
calculating the constraints and objective function. To further reduce the required
sampling, feasibility and optimization stageeincorporated into the framework, with

a penalty introduced at each stagie the expected improvement functitanguide the
searctprocessThis ML-based frameworis applied to a case study to separdtraary
protein mixtureusing IEX The effects of peak cutting criteria on the optimal tssul

were examined, followed by a detailed analysis of design space.

1.4.3 Hybrid Model Development for HIC

HIC is often employed as a polishing step to remove aggregates for the
purification of therapeutic proteins in the biopharmaceutical industry. To accelerate the
process development and save the costs of performing &éntk resourcéntensive
experiments, addnced modebased process design and optimization are necessary.
Due to the unclear adsorption mechanism of thedegdendent interaction between the
protein and resin, the development of an accurate mechanistic model to describe the
complex HIC behawir is challenging.

Therefore Chapter4 focuses onitilizing a hybrid modeling strategp develop
accuratemodelsthat representhe HIC processTo reduce the development effort of
isotherm equations and extract missing information from the availableadhtdyrid
model is constructed by combining a simple and “ketwn mult-component
Langmuir isotherm with a neural netwoilhe accuracy of the developed hybrid model
is compared with that of mechanistic mod&tiditionally, anextrapolation capability
test wasconductedto assess the generalizability of the hybrid mod&iocess
optimizationis also carried out to finthe optimal operating conditions under product

quality constraints using the developed hybrid model.
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1.4.4 Proof-of-Concept Study for Continuous mAb Production

The most widely used method for biological production of mAbs is operated in
batch operation mode. However, due to the fast expansion of markendiema
continuous biomanufacturingmerges as promising alternative to current batch
operation as it offers benefits in terms of improved productivity, product quality, and
reduced footprint.

Chapter 5aims toconduct a proebf-concept study by constructirey fully
integratedin silico endto-end continuous platformto evaluate the feasibility of
transitioning from batch to continuousomanufacturingprocesseDuring the process
design phasannovativetechnologies likentensified seed expansion and continuous
high cell density perfusion operations, singhess tangential flow filtration, and single
use technologiesre integrated, alongsidmedia and buffer preparation stese
incorporatedAfter the development of flowsheet modetpnomicand environmental
analygs areconducted to assess the economic efficiency and environmental footprints
Moreover scenario analysis is performed to assess the impacts of bioreactor scale and
upstream titers on the process economics as well as on the environmental footprint.
Process bottlenecks are identified and eliminated, andntagration of membrane

chromatographys also examined
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Chapter 2

DESIGN SPACEIDENTIFICATION OF CONTINUOUS PROTEIN A
CHROMATOGRAPHY

2.1 Introduction

The treatment of cancer and autoimmune diseases based on monoclonal
antibodies (mAbs) has been identified as one of the most successful sti@ebéds
170]. Currently, the most widely used method for biological production of mAbs is
batch operation mode in which each unit operation is operated in sequence, and the
outflow of the previous unit is collected in a holding tank before transferring to the next
unit [13, 98, 164, 171However, due to the rapid growth of market demand, continuous
bioprocessing becomes a potential alternative for the production of mAbs by providing
higher productivity and yield and smaller footprifég, 99, 150] Significant progress
has been achieved in the upstream prodessell culture, which shifts the pressure of
achieving continuous biopharmaceuticals to the downstream operations, especially for
primary capturg31], which has not however received as much attention in the literature.

However, capture is sometimes combined with upstream processing and harvest in

Chapter 2 is adapted from the following journal article written by the author of this
dissertation:

Ding, C, lerapetritou, M., A novel framework ofsurrogatebasedfeasibility analysis

for establishingdesignspace otwin-columncontinuouschromatographyinternational
Journal of Pharmaceutic2021, 609 121161
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determining strategies for process integration, which puts extra pressure on delivering
high productivity in the primary capture step.

Protein A affinity chromatography is a standard procedurth&nitial capture
of almost all mAlproducts to remove most of the procesisited impurities like culture
media components, host cell proteins, and OBW. To address the issue of high resin
cost, continuous capture process, like mediumn periodic counterurrent
chromatography (PCC), has been developed, because continuous chromatography can
obtain higher productivity and resin capacity utilization, esdsume less of the buffer
[9, 172, 173] Several continuous capture chromatographic systems are available with
different operation modes and column numbers, such ascthimn CaptureSME76,

174], 3-column and 4olumn PCJ175-177], BioSMB proces$178] combining PCC
with disposal technology, and sequential mattiumn chromatography (SMC{)79].

In an attempt toacquire thorough process understandioig continuous
biomanufacturing, FDA introduced the Quality by Design (QbD) initiative to provide
regulatory flexibility and manufacturing efficiency to produce biotherapeutics with
higher product qualitji80-182]. The process understanding acquired from QbD
initiative is beneficial for the identification of the design space, which is determined by
the ranges in which a given process must operate to ensure product [§3aliy]

Design space analysis can help comprehend the main effects of process variables and
their interactions on product quality, facilitating the improvement of continuous
bioprocess. Besides the experimental examination of the design space based on the
designof experiments (DOH)L83], modeling can be utilized to lower the experimental

work and delve into the effects of critical process parameters (CPPs) on the critical

quality attributes (CQASs)74]. Mor bidell i déds group has iden
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continuous frontal chromatography procg$62] and twircolumn countercurrent
solvent gradient purification (MCSGR)63] based on the mechanistic models and
pointed out the existing tradeoffs between model accuracy and computational
complexity.

In this work, to reduce the computational burden introduced by the mechanistic
models, surrogatbased feasibility analysis widm adaptive sampling approat84]
is proposed to approximate the original models and predict the design space. The
introduction of surrogate model results in a reduced computational cost, but the
accuracy of the surrogate modehighly dependent on the quality and quantity of the
sampling sef108]. To deal with this issue, an adaptive sampling algorithm is utilized
because this algorithm can help search towards the less explored regions and the
boundary of the feasible regigh85]. To validate the applicability of the proposed
methodology, twircolumn CaptureSMB is used as a case study although the approach
is general to be used for any potential configuration. In summary, mechanistic models
to describe the continuous capture pre@ee first constructed, foll@dby establishing
the surrogate models built on the relationship between the inputs (process variables
including interconnected loading timie , interconnected flowraté and batch
flowrate 0 ) and the outputs (the maximum value among productivity, yield, and
capacity utilization constraints) acquired from the mechanistic models. After
determining the design space of each case study, the impacts of each process variable
on the design space atteoroughlyinvestigated based on the active set strategy. In
addition, crucial factors that affect the design space, inclugiogveryregeneration

time and constraints of column performance like yield, productivity, and capacity
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utilization, are also comprehensively examined. The influence of one of the most

important ésign variables, the column length, is also investigated.
2.2 Process Description and Process Model

2.2.1 Operating Principles of CaptureSMB

A full cycle of the twircolumncyclic chromatography (CaptureSMB) process
in steadystate is illustrateé in Figure21.Each cycl e compri ses two
interconnected (IC) and a batch (B) step. During the IC phase (Step 1), two columns are
connected in series and column 1 is overloaded beyond its dynamic binding capacity
with the interconnected flowrafe and loading tim@ . The breakthrough frorthe
first column is captured bthe second column. Once the first column is fully loaded,
the two columns are washed in sequence to flushrtheundmaterial into the second
columnusing a wash bufferDuring the batch phase (Step 2), the two columns are
disconnected. Column 1 undergaksrecovery and regeneratistep (RR, including
washing, elution, cleaim-place, and requilibration) while loading continues using
column 2 with the feeding flowrate and loading time . To ensure that this system
operates in continuous mode, thdRRime © ) is set to be equal to the batch loading
time (0 ). At the end of the switch, the two columns switch their functions to perform
similar steps (StegB and 4) to complete one cycle. In summary, based on the operating
principles described, the three process variablegerconnected loading time ,
interconnected flowraté , and batch flowraté - are the ones defining the process

design space and are considered for further system analysis and process optimization.
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Figure2.1: Schematic diagram of a CaptureSMB system for continuous capture

2.2.2 Process Model

Lumped kinetic model (LKM) with Langmuir isotherfB81] is employed to
describe the mass transport and kinetic adsorption inside the column, with the
assumption of isothermal adsorption and radial homogeneity. Although the model used
for this process is an approximate model, the main purpose of this worllustrate
the application of the novel framework in identifying the design space of continuous
chromatography. More detailed and accurate models like general rate [d@]lebr
shrinking core mode]136, 187]will be considered in our future work. The mass
balance for the mobile phase and stationary phase of LKM are illustrateghatidhs

2.1 and2.2, respectively

2.1

2.2

wherewandn are the protein concentrations in the mobile and stationary phases,
respectivelyp anda denote the time and axial coordinatejs the total porosityd

OFd - s the superficial velocityO is the apparent axial dispersion coefficient;
Q is the lumped mass transfer coefficient; ajids the equilibrium solid phase

concentration of the protein.
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Equations2.3i24 s hows the Danckwertsodo boundary

procesd84]. At the column inlet, it is presumed that the chaingaxial concentration
relates to the difference between the feed and the column inlet concentration. At the
column outlet, there is no axial concentratgmadient The column is assumed to be
initially free of proteins in both the mobile and stationary phase, as described in
Equations 2.51 2.6. In addition, the apparent axial dispersion coefficntcan be

estimated based on the reduced van Deemter relation as shEgquations2.7.

60 0 owdm O — dom 2.3
— o m 2.4
omd 2.5
A 2.6
0O b6—0 2.7

where A is the van Deemter coefficient &dis the average resin particle diameter,
respectively. Note thab © is timedependent protein inlet concentration because of
the different procedures (breakthrough uptake, load, elution, etc.) in the column.
For the lumped mass transfer coefficié@t, an empirical correlation is
employed inEquation 2.8[188]. The adsorption mechanism is described using

Langmuir isotherm as displayedHBguation 2.9

Q Q Y p Y p — 28
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where’Q is the maximum lumped mass transfer coefficignt; is the saturation
capacity of the resiny and"Y are the saturation dependent kinetic constant and order;
H is the Henry coefficient.

In terms of parameter estimation, van Deemter coefficiéentnd 6 are
estimated by linearly fitting the reduced plate height against the mobile phase velocity.
Mass transfer'Q ,"Y,"Y) and adsorption parameters ( and’O are obtained by
inversely fitting the batch breakthrough curves (BTCs) under different feeding
concentrations and flowrates. To solve the coupled partial differential equations, those
equations were first discretized into 100 points along the axial io@bedusing a first
order central finite differences method, folleslby using the solvesde15sn MATLAB
to resolve the obtained system of ordinary differential equations.

In this work, all the parameters to simulate the loading step of the continuous
capture procesare directly obtained from the literaty@l] and listed inTable 2.1t
should be noted that the elution process is not considered in this work and the column
is assumed to be empty after the recovery and regeneration step. Although this is an
approximation of the entire process, the work presented here can be exterajadr®

those additional stegbatwill be considered in our future work.

Table2.1: A list of used model parameters

Parameters Units Value
A - 35.13
- - 0.368
0 min'? 0.1800
Y - 0.6245
Y - 2.071
n mg mL'! 92.2816
O - 246.8
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Table 2.1 continued.

Q “a 44
i bar min cn¥ 0.01020

2.2.3 Evaluation of Process Performance

Productivity, resin capacity utilization, purity, and yield are four important
metrics to evaluate the column performance of continuous chromatography. It is
assumed that the purity requirements can be fulfiled under the current operating
conditions and il not be considered when determining the design sffide Thus,
only three criteria- yield, productivity, and capacity utilization are examined to
identify the design space. The yield (Y) of the continuous capture process is defined by
the amount of protein obtained relative to the theoretical maximum arobtamable,
which can be calculated frobquation2.10. The productivity (P) is equivalent to the
amount of target protein produced per unit time and unit resin volume, which is given
in Equation2.11. The resin capacity utilization (Cléan be defined ahe amount of
target proteirthatcan be produced per unit resin volume and cycle normalized with the

equilibrium binding capacity at the feed concentration, as sho&qguation2.12.

o o

®»o p - - 2.10
0o M A 2.11
O™ I M » _ 2.12
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where® s the feeding protein concentratian; is the volume of one columa;
represents the number of columas; denotes the column outlet concentration, which

is obtained by solving the coupled PDE equatiorisgoations2.1i 2.2.
2.3 Methodology

2.3.1 Feasibility Analysis
Feasibility can be mathematically quantified the definition of feasibility
functionf 'Ch— given in Equation 2.13. The feasibility function is utilized to illustrate
whether a given process can satisfy all constradby merely modifying control
variabled at fixed uncertain parameters
[ Oh— 1 ENl A@Qhoh— 2.13
whereQare the design variables like equipment Sj@epresents the control variables
that vary on the range adx & & ,—denotes the uncertain paramete#s
Y 44— — — ,'QOuh—hQ Ucorresponds to the setadnstraints restricting
the feasible spacdf | Oh— T, it suggests that the process design is infeasible
because of the violation of some constraints where@h—  Tmeans that the given
process is feasible and h—  mrepresents the boundary of the feasible region.
In this article, no control variables are considered in the case study, which leads
to the simplified feasibility function as shownHiguation2.14.
[ h— 1 A@Oh— 2.14
In the twincolumn continuous capture process, since we are interested in
evaluating the design space of feasible operation, the process varaidesle the

interconnected loading tinte , interconnected flowrat® and batch flowrat® |
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while the design variabl@representsolumn length). The design space of continuous
PCC process is restricted by yield (Y), capacity utilization (CU), and productivity (P)
constraints. Specifically, Y, CU and P are set to be higher than or equal to 80%, 85%,

and 15 mg mL! h'tin the case study, respectively.

2.3.2 Surrogate Model- Kriging

The surrogate model is employed to replace the original mechanistic models of
continuous chromatography procedures to reduce the computational expense.
Specifically, the surrogate model is trained based on the inputs (process variables like
o ,0 , and0 ) and the outputs (feasibility function values calculated from
mechanistic model).

Kriging is a commonly used surrogate model that was first developed by mining
engineer Danie Krigelrdinary krigingis a spatial interpolation method relying solely
on the point observations of the target variable. In specific, this approach makes
predictions of urvisited points by utilizing the sum of the Euclidean distance of the
observed function values at nearbgngpling locations[189]. It assumes that the
variation is random and only related to spatial distance with a constant mean. An
alternate tordinary krigingis regression kriging190, 191] which is based on a hybrid
interpolation technique combining point observations and regression of target wariable
to estimate the usampled locations. In this approach, regression is first used based on
auxiliary information, followed by employing simple kriging with a known mean of 0
to interpolate the residuals from the established regression nRelgessiorkriging
was chosen in our calculations because this method can produce better prdd@dions
192]. The general form of eegression krigingnodel can be formulated in Egtions

2.152.16.
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Qo Jeilo - 2.15
Beloki Qo E 1 Qo 2.16
Wherel e 11is a linear regression model constituteddbknown basis functions
Qo Q pltfB & that define the global trend of mean prediction at locatiand
& unknown parameters Q pltfB & ; - w is a residual term afo that is
commonly distributed with zero mean and covarignceas shownn Equation2.17.
6eébwh o .Y Gho 2.17
where'Y represents the correlation model.
Compared with other surrogated models, the benefit of the Kriging model lies
in that it can provide the estimated variance of the predift@8l, which can be useful
for adaptive sampling. There are lots of regression and correlation models that can be
employed to fit the Kriging model. In this work, three regression models and three
correlationmodels shown in Tabl2.2 are tested for the model training because these
models exhibit good performanc@ our previous work[185]. The regression
coefficientss are estimated from leastjuare estimator and the hyjparameter- is
predicted using maximum likelihood. More detailattoductionand derivation about
kriging can be found in this reviej&08]. In this paper, Kriging model is constructed
through the DACE toolbokL94] built-in MATLAB.In our simulation, the combination

of quadratic regression & exponential correlation gives us the best model performance.

Table2.2: Regression models and correlation functions witxj-x; andd;.

Regression I . Correlgtion v 0
model function

Constant @ Exponential Qwn—Q
Linear MO O Gauss Qon —Q

Quadratic ©O® ® OO W Q Linear i Agip | Q
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2.3.3 Adaptive Sampling

Adaptive sampling can help improve the accuracy of the surrogate model and
reduce sampling cost simultaneously. Byaximizing a modified expected
improvement (EI) functiofil95] in Equation2.18, an adaptive sampling strategy is in

favor of searching towards the areas with high uncertainty and close to the boundary.
GODO @ % - (t—=A@D-— 2.18
whereO"0 w is the modified expected improvement (El) function valuey aband

i represent the surrogate model predictor and corresponding standard/8rfafQ
respectively%. 8 denotes the normal probability distribution function.
The principle behind this maximization problem can be explained based on the

partial derivatives:
~ a8
— —=Qwn — p — ] 2.19

— —Qaf > - 2.20

It is found that the derivative &FO with respect td in Equation2.19 is
always larger than 0, suggesting tt®D monotonically increases as the prediction
errori increases. Consequently, maximizing El function can help sample new points in
the unexplored region. From &agion 2.20, it should be noted that @ 7 «is
negatively related to the surrogate predictovWhenw T, this derivative is positive,
implying thatOO increases with the increasewfMaximizingOO  will increase
wand force it to approach zero. On the contraryj if 11, this derivative is negative,
and maximizatiorwill decreaseband push it to get close to zero. ThEguation2.20

suggests that maximizing El function favors searching towards the feasible region
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boundaryThatis how adaptivesampling works to improve the model accuracy without
exhaustively sampling the whole space.

To maximize this modified EI function, a local optimization solfremconis
utilized. The performance @&fincondepends on the initial guess, so Latin Hypercube
DOE is employed to generate 1000 different points, followed by evaluating the modified
El function values at those points. The point with the largest value is chosen as the initial
guess of optimization. Atough 1000 points are selected, it is still very computationally
efficient because the optimization is based on the generated surrogateratbhdethan
the computationally expensive original model. It was found that only 0.49 seconds are
required to perform 1000 calculations and 0.062 seconds for the optimization based on
the El function inMATLAB R2019bAll the simulations were conducted amtel®
Xeno® E2274G CPU with 32.0 GB RAM.

2.3.4 Surrogate Model Accuracy

Since surrogate model is an approximatiorihaf original model, we want to
evaluate the accuracy of the feasibility analysis. In this article, three nj@8%s195]
namely percentage of Correct Feasible region (CF%), percentage of Correct Infeasible
region (CIF%), and percentage of Not Conservative feasible region (NC%), are used as
performance measurebo be specific, CF% means the percentage of feasible gegion
in the original function which has been correctly identified by the surrogate model;
CIF% represents the percentage of infeasible regiothe original functiorthat has
been properly identified by the surrogate model; NC% illustrates the percentage of
overestimated feasible region by the surrogate mdaslordingly, if CF% and CIF%
are close to 100% and NC% is close to 0, the surrogate model can approximate the

original function with very high accuracy.
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The relationship between those metrics is showhigure2.2. The rectangle
area is the entire range of tdamensional uncertain parameters; the blue and green
circles illustrate the feasible region of the original function and surrogate model,
respectively. With the aim of calculating the three metrics, the esgtaee is split into
four zones: CF (Correct Feasible region in orange); CIF (Correct InFeasible region in
white); ICF (InCorrect Feasible region in green); ICIF (InCorrect InFeasible region

blue). Thus, the three accuracy measures can be calculatedatideg2.21-2.23

0P ——pnm 2.21
0O ——opnm 2.22
0P ——opnm 2.23

Original function

Surrogate
function

CIF

>

Figure2.2: A schematic figure for the modpérformance metrics

2.3.5 Proposed Methodology

The basic idea of the proposed strategy is shiowFigure 2.3. Firstly, initial
sampling points are selected based on a sfifing design of experiment (DOE) to
construct the initial Kriging model. Specifically, a rectangular grid sampling plan is

chosen for the initial DOE to cover the input space uniformly. &ylently, new
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sampling points are added to iteratively update the Kriging model based on the adaptive
sampling strategy. The adaptive sampling will stop if the number of iterations exceeds
the userdefined maximum iterations. In this work, 800 is chosen as the maximum
numberof iterations because the feasible regions will not change as the number of
iterations continues to increase saswn in Figur&.4. In addition, a plot of El function

with iterations is also provided in FiguPe as quantitative evidence to shawat the
estimated feasible region has converged. The Rm@ging model is used to perform

feasibility analysis to predict the feasible region.

Initial sampling DOE

|

Fit the Kriging model «

l

Maximize El,qs for a new point

l

iter < itehy,qx

Update

Add the new
point to sample

YES

No |

Predict feasible region

Figure2.3: Framework of Krigingbased feasibility analysis with adaptive sampling
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Figure2.4: Comparison of 2D feasibility plots of CaptureSMB process at different
iteration numbers for adaptive sampling
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Figure2.5: Comparison of El function plot at different iteration numbers wQer=

1.5 mLmin™t.
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2.4 Results and Discussion

2.4.1 Model Validation

The model parameters are directly obtained from the literg8ire but the
breakthrough curves are still tailored to validate our developed model. The experimental
data are extracted fronB1l] and the breakthrough curves under different feed
concentratios and flowrates are fitted ashown in Figure2.6. Therootmeansquare
error (RMSE) of each simulation ranges from 3640 11.3®%6 with an average of
5.7®%. This developed process model is applicable for simulating the basic trend of the
elution behavior, although there are some deviations existing between the fitted curves

and the experimental data.

1 a) a0 _ — |
— % T
S 08 :\5 08 f
’g’b 0.25 mL/min f{) /
3067 0.5 mL/min 2067 /o
= ——1.0 mL/min = / ,
< . = [ 1.2 mg/mL
=~ 2.0 mL/min 4 / )
33"5 04} S04 / 3.2 mg/mL
2 4 lo 4.6 mg/mL
0.2 021 ||c
0 £ 1 1 0 #’5’ % " .
0 50 100 150 0 50 100 150

Elution volume(mL) Elution volume(mL)

Figure2.6: a) fitted breakthrough curves (line) at different flowrates with
experimental data (dot) at the feed concentration of 1.2 mg; i) fitted
breakthrough curves at different feed concentrations with experimental
data. The flowrate is 1.0 mL niirfor the runs with feeding concentrations
of 1.2 and 4.6 mg mkE, whereas the flowrate is 1.5 mL rhirfor the
experiment with a feeding concentration of 3.2 mg L
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2.4.2 Original Design Space

A total of 6¢ sampling pointsvereused to construct the threémensional (3D)
design space, as shownFigure2.7a.The mechanistic model requires nearly 72 hours
to finish @ 1t calculations, but it is mucimore computationally efficientising the
proposed framework. The time based on the surrogate model comprises two parts: the
time to run the surrogatgased feasibility algorithm to build the kriging, and the time
to rung mcalculationsof the final kriging model. Specifically, the first part (which
includes time of 1000 calculations on the original simulations and time of optimizing
the El function)takesroughly 1.7 hourswhile the second part only requires 0.2 hours.
The space with the feasibility function value less than or equal to O corresponds to the
design space as descridadsection2.3.1. To clearly observe the design space, Figure
2.7b illustrates only the feasible region of the CaptureSMB process, which tedoca

within the plotted circles.

=2
~

Batch flowrate (mL/min)

Batch flowrate (mL/min)
sonjea uonouny AJIqrsed,

0.1 0
20 &
&
0 0 10 o
& 25 2 -(\“o

Figure2.7: a) 3D contour plot showing the whole input space; b) 3D contour plot only
showing the feasible region.
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In order to visualize the change of feasible region with respect to each process
variable, it is convenient to project the 3D feasible region onto 2D subspaces. 2D
contour plots of feasibility analysis at nine different fixed input parameters are shown
in Figure2.8. The blue line of each subplot is the feasible region boundary, and the area
within the blue represents the feasible region. When 3D feasible region is projected at
different fixed interconnected loading time in Fig@8ai c, it should be noticethat
the feasible region shifts towards the bottom left corner, i.e., smialégconnected
flowrate0 and batch flowrat@ , with the increase af . In addition, the area of the
feasible region that satisfies the column performance constraints first increases and then
decreases, indicating that appropriate process variables should be selected in order to
maintain a larger design space. The same trend can be observed with the indrease of
(Figure2.8dif) or 0 (Figure2.8gi i) in the CaptureSMB case study. In order to analyze
the reasons for this change, active set strategy is employed. More specifically, 11
data points are selected at the feasible boundary wh&nset at 30.3 min, followed
by calculating each constraint function value of those data poidtsaft10.5 and 50.2
min. If this calculated constraint function value is larger than zero, this constraint can
be regarded as active (binding), meaning that this constraint plays an important role in
initiating the change of the feasible region. It is fouhdt productivity and yield
constraints are binding with the increaseoof, while productivity and capacity
utilization constraints are active with the decrease ofThe same conclusion can be
achieved when we analyze the change of the feasible region with resgieebtoer
two process variable®)( or0 ). The active constraints introducing the changes of
feasible regiosare summarized in TabR3. It is necessary to evaluate the accuracy of

the surrogate model, so the corresponding performance metrics of each subset plot in
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Figure2.8 are summarized in TabR4. It can be observed that all the CF% and CIF%
valuesarehigher than 97%cqoseto 100%) and NC% is smaller than 2.66% (close to
0), indicating that the developed surrogate model can predict the feasible region with

high accuracy.
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Figure2.8: 2D projections of the 3D feasible region at different values of the process
variables for the CaptureSMB process.

Table2.3: Summary of active constraints when changing process variables

Process variable: Shift P CuU Y
6 b h) constraint  constraint constraint
8 U U U
n a U U
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Table2.4: Accuracy metrics at different fixed process varialmeSigure2.8.

2D feasible Fixed value CF% CIF% NC%
region

105 97.52 99.68 2.11

Fixedo (& Q& 30.3 99.04 99.43 2.29
50.2 96.80 99.74 2.66

. 05 99.26 99.74 1.47
F'Xedgo(a a 15 97.76 99.67 1.70
25 97.61 99.81 253

.. 05 97.73 99.78 1.82
F'Xedduo(“ a 1.25 98.01 99.62 1.99
2 97.06 99.44 2.10

An interesting phenomenas observed at large as presented in Figuge9.
Wheno is smaller than 45.8 min (Figu&9a), the feasible region shifts towards the
bottom left corner with the increase®f to satisfy the yield constraint, which conforms
with the above analysis. Nonetheless, wherns close to the maximum feasible value,

a different trend is recognized, i.e., the feasible region shrinks inwaédsiasreases.
Based on the active set strategyalYd P constraints aractive on the right feasible
boundarywhile only P constraint is binding on the left feasible boundary. The active Y
constraint on the right boundargakesit move to the bottom left corner to prevent
product loss, demonstrating the same trend at simalHowever, at large , the
change of active constraints on the left feasible boundary from Y and P constraint to P
constraint contributes to the opposite shrinking trend. Specifically, the left boundary
shifts to the right to increase flowrates, thus increasing the produogtedaad inside

the column and further improving productivity.
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Figure2.9: 2D contour plots at different fixett for the CaptureSMB process.

2.4.3 Effect of trr 0N Design Space

Recoveryand regeneration time is an important factor with a great impact
on the design space. In the CaptureSMB procesdictates the batch loading duration
0 , further influencing other process variables and column performance. Thus, the effect
of © on the design space of the CaptureSMB process is investigated and the
comparison of 3D feasible regions is illustratedrigure2.10. The evident difference

of 3D feasible regions can be discerned with the change of

e tpr = 27 min

Batch flowrate (mL/min)

® tpgr = 35 min

o — trr = 43 min_
& R —
floy, N //(4’0/ 2 o)
s Oy
(mg, o 6 C loading time (

Figure2100 Compari son of 3D fetwsgible regions
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To explore this difference systematically, the extreme values of three feasible
regions are summarizeéa Table2.5. From this table, it can be noticed that the decrease
of 0 increase the area of feasible regiors/ 19.1%, while the increase of
decreasedy 18.5% of the original feasible area. The reductiord ofleads to an
increase in the extreme valueiofandd because the decreasedof will reduce the
preload within the column and activate the CU constraint. To sétistyU constraint,
the loaded amount of product inside the column should be increased by incteasing
ando . On the contrary, the growth of will trigger the Y constraint, thereby
decreasing the extreme valuesbofand® to avoid product loss. marumo is

unchanged at differerit , possibly due to the upper bound (UB)Yof .

Table2.5: Comparison of the extreme values of feasible regions at diffesent

Variable Feasible bound 0 (min)
10 ou C X
- . max 3 3 3
0 (mL/min) min 0.16) 015  0.25p)
x : max 1.8 6) 2.13 250
0 (mL/min) min 0.1 0.1 0.1
. : max 45.7 ) 53.5 62.3 1)
0 (min) min 5 (%) 6.1 9.4 ¢)
Size 18.5%3 19.19%

To examine the change 6f concerning variou® , the UB of0 is
increased to 4 mL/min to run the simulation and the corresponding result is displayed
in Table2.6. Surprisingly, maximurd s positively correlated with the changein,

exhibiting an opposite trend than and® . Theoretically,with the ncreaseof
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flowrate, the massransfer resistance becomes larger, resulting in broadening of the
breakthrough curves and faster breakthrough. Another hypothesis for the decrease of
the dynamic binding capacity at large flowrates might be because part of the protein
does not diffuse fither inside the particles, making the adsorption sitableto
effectively capture thprotein However it should be noted th#tis assumption cannot

be validated by the lumped kinetic mo@ehployed to characterize the proceBsus,
continuously inceasingd does not necessarily increase dynamic loading of the
column and might have adverse effects on capacity utilization, explaining why
maxmum 0 decreases whedn decreases. With the rise 6f , maximumo
increases because the growth of improves load conditions inside the
chromatographic column, compensating for the unfavorable effects launched by the
large flowrates.

To further investigate the changes caused by Figure 2.11 shows the 2D
contour plots at differeri  under varying fixed process variables. It can be obviously
seen that the feasible region shtfisvards the bottom left corner @as increases and
moves to the top right corner with the decreasé of By employing the active set
strategy, P and Y constraints dominate with the growtld of while P and CU
constraints are effective & decreases, as summarized in Table 2.7, wiscim
accordance with the analysis for the change in the feasible regions under different

process variables.

Table2.6: Comparison of magic at variousrr.

Variable UB Feasible bounc 0 T @ Qo ouw Qo ¢ Q¢
0 (mL/min) 4 max 3.93 ) 3.41 3.21 )
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Table2.7. Summary of active constraints when chandigg
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Figure2.11: Comparison of the 2D contour plots at differegtunder varying fixed
process variables for the CaptureSMB process.
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2.4.4 Effect of Constraints on Design Space

Constraints can directly affect the design space of the CaptureSMB process, so
the impacts of different constraints on the feasible regionssidied. We first
investigate the effect of each constraint on the design space individually, following by

examining the impact of changing the three constraints simultaneously.

2.4.4.1 Yield Constraint

To delve into the effect of yield constraint, the extreme values of three feasible
regions at different Y constraints (0.7, 0.8, and 0.9, respectiveliis@ein Table?.8.
When Y constraint increases from 0.8 to 0.9, the feasible region is reduced by 53.2%,
while the feasible region increases by 70.8% with Y constraint decreasing from 0.8 to
0.7. From Table.8, it can be found that the change of Y constraint has a significant
impact on the highest but little effect on mamumo  becausé is closely related
to the product loss. In the continuous CaptureSMB process, the breakthrough from the
1st column can be caught by the 2nd column, contributing to the little impact of Y
constraint onthe highesth . majmum 6 keeps constant because this value is
determined by productivity constraint. Besides, the change of Y constraint constitutes

some impacts on the minimum values of process variables.

Table2.8: The extreme values of feasible regions at differentiétraints

Variable  Feasiblebounc ® 1 & ™ O T80

0 (mL/min) max 3 3 2.95
min 0.1 0.15 0.25

- . max 2.5 2.13 1.81
O (mL/min) min 01 01 01
o (min) mgx 53.5 53.5 53.5
min 5 6.1 8.31

Size 70.8%1 -- 53.2%8
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2D feasibility plots under different constraint are showrrigure 2.12 The
feasible regions with larger Y constraint values should lie in those with smaller Y
constraint values, conforming to the 2D contour plots in Fi@ut2 As Y constraint
increases from 0.8 to 0.the feasible region shrinks towards the bottom left corner to
prevent more product loss, while the feasible region expandsrdevihe top right
corner when the yield constraint decreases from 0.8 to 0.7. It should be noteworthy that
the left feasible boundary remains almost unmoved, and only the rightdrgisidfts
with the change of Y constraint, indicating that only the right feasible boundary is

governed by the Y constraint.
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Figure2.12 Comparison of the 2D contour plots under differentcohstraintsat
varying fixed process variables for the CaptureSMB process.

54



2.4.4.2 Capacity Utilization Constraint

The effect of CU constraint on the design space is studied, and the comparison
of the extreme values at different CU constraints (0.75, 0.85, and 0.95) is shown in Table
2.9. When CU constraint increases from 0.85 to 0.95, the feasible region is reduced by
83.4%. The highesd is substantially reduced from 3 to 1.38 mL/min because large
0  will adversely affect the dynamic binding capacity, aswalyzed in Sectio®.4.3.
There is no change of maximuim observed because this value is determined by P
constraint, but a significant increase of minimamcan be observed as large is
beneficial for CU.The lowesh and0 are both slightly increased to increase the
sample load inside the column. &J constraint decreases from 0.85 to 0.75, the
feasible region increases by 48Phe highest stays unchanged with the decrease of
CU constraint due to the upper limit@f , while the minimum feasible extreme values

ofd ,0 and0 are determined by the corresponding lower bounds.

Table2.9: Comparison of the extreme values of feasible regions at different CU
constraints

Variable  Feasible bounc 6 Y m& v 6 Y @ u 6 Y m@ou

0 (mL/min) max 3 3 1.38
min 0.1 0.15 0.4

5 (mL/min) max 2.13 2.13 2.01
min 0.1 0.1 0.43

o (min) max 53.5 53.5 53.5
min 5 6.1 25.9

Size 48%1 -- 83.4%3

To clearly visualize the effect of CU constraintsfeasible regiongFigure2.13

displays 9 sets of 2D feasibility plots of different CU constraints at various fixed process
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variables. No matter CU increases from 0.75 to 0.85 or from 0.85 to 0.95, the feasible

region ofé Y @ wrd Y 1o us still within thefeasiblerange ofé Y T wor
6°Y T
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Figure2.13 Comparison of the 2D contour plots under different Eihstraintsat
varying fixed process variables for the CaptureSMB process.

If the CU constraint increases, the feasible region shrinks towards the top right

corner to increase the sample load, while the feasible region expands towards the bottom
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left corner when the CU constraint decreases. It can be also observed that the right
feasible boundary remains unmovable, and only the left feasible boundary moves,
implying that CU constraint is active on the left feasible boundary. Given that the long
duration of interconnected loading is advantageous for CU, the 2D feasible regions at
fixed 0 or 0 are located at largé . Compared with that at smallér , the
discrepancy of feasible regions under different CU constraints is neglectable at large

fixed 0 , possibly because large will make the column fully loaded.

2.4.4.3 Productivity Constraint

Table 2.10 revealthe feasible bounds at different P constraints (10, 15, and 20
mg mL'? h'1). With the increase of P constraint from 15 tan2@mL' ! h'?, the feasible
region decreases by 51.2%, whilee areaincreases by 31.2% when P constraint
decreases from 15 to Iig mL'! h'l, It can be noted that maxum 0 decreases
significantly with the increase of P constraint and vice versa, beshagéme is good
for productivity. Based on previous analysis, CU and Y constraints are responsible for
maxmum 0 and0 , respectively, so the two values remain constant when P
constraint is changed/inimum0 and0 both increase slightly when P constraint
rises butremainunchanged as P constraint decreases owing to their lower bounds.

In order to further study the changes of feasible regions introduced by P
constraint, the comparison of 2D feasiblilty plots under different fixed process variables
arepresented in Figure 2.14. No matReconstraint increases from 10 to 15 or from 15
to 20mg mL'! h'!, the changing trend is the same, i.e., the feasible regions almost
overlap at smalb but the difference between regions becomes larger with the increase
of 0 . The occurrence of this phenomenon indicates that |lawerbenefits

productivity, which also explainwhy the 2D feasible regions at fixéd or0 are
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located at smab values when P constraint is increased. In addition, it can be found
that the right feasible boundary hardly changes with P constraint increasing because Y
constraint dominates this boundary. However, the left boundary siwinkrds the top

right corner at largé values, indicating that the left boundary is determined by P
constraint under this situation, in line with the analysis of the oppwsitd of Figure

2.9. Regarding the feasible regions at fiXed, the change of feasible regis when
changing P constraints decreass® increases. At first, a significant difference is
identified between the feasible regions under different P constraints, but the difference
becomes smaller and smaller with the increasa& of. There are two possible
explanations for this occurrence. One is that feasible range @f is lower at fixed
large0 compared with smad as 0 is an extremely important factor in deciding
productivity. Another possible reason is that langer can produce more products
during the same time period, resulting in the little change of feasible regions. However,
this phenomenon cannot be observed at fixegossibly because the possible range of

0 at differentd is very similar.

Table2.10. The extreme values of feasible regions at differecrBtraints.

Variable  Feasiblebounc 0 pm0 pu 0O ¢m

0 (mL/min) max 3 3 3
min 0.1 0.15 0.3

5 (mL/min) max 2.13 2.13 2.13
min 0.1 0.1 0.18
o (min) qu 70 53.5 30.34
min 6.1 6.1 6.1
Size 31.294 -- 51.2%8
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To visualizethe effects of each constraint on the design space in CaptureSMB

process more clearly, Table 2.11 and Table 2.12 summarize the changes in the feasible

region initialized by increasingr decreasing constraints, respectively.

Batch flowrate (mL/min) Batch flowrate (mL/min)

IC flowrate (mL/min)

2
n

(¥

—_
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e
n
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25 25
—_— P =10
2 2
P =15
15 15 P =20
1 1
0.5 0.5
0.5 1 1.5 2 2.5 3 05 1 15 2 25 3 2 3
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2.5 25
P =10
2 2
P =15
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Figure2.14: Comparison of the 2D contour plots under differentdnstraintsat
varying fixed process variables for the CaptureSMB process
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Table2.11: Summary of design spackanges with individuatonstrainincreases.

Constraints S(:jz)e Shifting Feasible bounds Remark
Bottom left corner  Greatly decrease Smaller process
Y (0.8A 0.9) 53.2% (only right feasible the maxv variables benefit
boundary) (2.13A 1.81) Y
Significantly

Top right corner increase the min  Larger process

CuU 0 . (6.1A 25.9); variables benefite
(0.854 0.95) 83:4% (O”B’O'j;t df:f‘s)'b'e Significantly ~ CU, especially
y decrease the ma largero
0 (3A 1.38)
Shrink towards .
smallo ; Lowero
Too riaht cor’ner at Greatly decrease benefits P;
P (1%A 20) 51.2% lar F:afi?(edb (onl the maxo Larger flowrates
gleﬂ oasible Y (53.34,30.3)  benefit P at fixed
boundary) 0

Table2.12 Summary of design spackanges with individuatonstraintdecreases

Size

Constraints ) Shifting Feasible bounds
Top right corner (only Increase the max
0
Y (0.840.7) 70.8% right feasible boundary) (2.13A 2.5)

No change of max
possibly because of the upp

CuU 48% Bottom left corner (only bound of0 ;
(0.8%A 0.75) left feasible boundary) Little decrease of min
(6.1A 5) due to the lower
bound ofo

Expand towards large ;

Bottom left corner at large ~ Significantly increase the

fixedo (only left feasible max 0 (53.54 70)
boundary)

P (154, 10) 31.2%
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2.4.4.4 Simultaneously Changing Constraints

After examining the influence of each constraint on the design space of the
continuous CaptureSMB process, the impact of changing all three constraints
concurrently is investigated. The three constraints (Y, CU, and P) are increased from
0.8 to 0.9, B5 to 0.9, and 15 to 1Wg mL'! h'l, respectively, as denoted by
0 Al t er n a t2il3ligsdthe chragéf lex@reme values under different situations
and the corresponding binding constraints for this change calculated from the active set
strategy, which is in agement with the above analysis of increasing each constraint.
Besides, when increasing three constraints simultaneously, the feasible area decreases

by 83.3%.

Table2.13 Comparison of the extreme values of feasible regions when increasing
three constraints

Alternative
Constraints Variable Feasible Base _With Active_
bound case different constraing
constraints
= . max 3 2.23 CU,Y
O (MLmin) - in 015 0.39 8 P.CU
® T4 T8 max 213 1.77 f) Y
6 7Y o O (mL/min . Lower
5 TF;&JU‘JU%) X ( ) min 0.1 0.1 bound
o (min) max 53.5 42.46 ) P
min 6.1 16.02( CuU
Size 83.3% §

Figure2.15 displaysthe difference of 2D contour plots when increasing three
constraints simultaneously. The increaseY constraint forces the right feasible

boundary to move twardthe bottormleft corner, and CU constraint is active for shifting
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the left boundary twardthe topright corner. Besides, lowér favors P and highar

profits CU, so the shifted feasible region is located at the middée alue to the

tradeoff between P and CU.
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Figure2.15 Comparison of 2D contour plotor simultaneouslyincreasing three
constraintsin the CaptureSMB procesBase:Y O0 . 8 ,

Alternative:Y O0 . 9,
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2.4.5 Effect of Design Variables on Design Space

After studying the effects af and constraints on the feasible regions, we also
explore the column length of the CaptureSMB system to see how this affects the design
space. As seefnom Table2.14, whenthe column length is decreased from 10 cm to 5
cm, the area of design space drastically decreases to 24.6%. Specifically, no change is
observed ird , but maxmum0 and0 substantially decrease due to Y constraint,
which is reasonable because the flowrates should decrease to prevent product loss as the

column becomes short.

Table2.14: Comparison of the extremalues of feasible regions at different column

lengtts.
Variable  Feasiblebounc 0 pma 0 vod
5 (mL/min) max 3 1.82
min 0.15 0.1
. . max 2.13 1.08
U (mL/min) min 01 01
o (min) max 53.5 53.5
min 6.1 6.1
Size - 75.4%8

From Figure 2.16, it can be found that the feasible region shifts towards the
bottomtleft corner possibly due to yield constraint. An active set strategy is employed
to help evaluate the reasons for this change. It is found that yield constraint is always
active, which confirms the analysis for this change, and P constraint is binding at large
0 . In addition, CU constraint is active at lage because largé will lead to
increased mass transfer resistance and negatively affect the sample load inside the

column, as described in Sectigd.3. Itis worth noting that when we study the same
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shifting trend of feasible regions caused by the process variables, only Y and P

constraints are binding, but all three constraints are binding when the column length

decreases.
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Figure2.16. Comparison of the 2D contour plots under different column length at

IC loading time (min)

IC loading time (min)

IC loading time (min)

varying fixed process variables for the CaptureSMB process
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2.5 Conclusions

This chapterproposed a systematic approach to identify the design space of
continuous chromatography. In an effort to balanoenputationalcomplexity and
model predictions, surrogabmsed feasibility analysis with adaptive sampling is
applied to establish the design space of t@olumn CaptureSMB. The effects of
process variables, including interconnected loading time, interconnectedtéownd
batch flowrate, are inspectéd the design space. It was found that productivity and
yield constraints aractive with the increase of process variables while productivity and
capacity utilization constraints are binding with the decrease of process variables.

The effects of each constraint on the design space are also investigated, followed
by changing three constraints simultaneously. With the increase of yield requirement,
the left feasible boundary almost keeps unchanged and only the right boundary shifts
towards the bottorteft corner. When CU constraint increases, the right feasible
boundary remains the same, and only the left feasible boundary moves to the top right
corner. The interconnected loading tile has significant impacts on the P constraint
and the feasible region shifts to low@r as P constraint increases. More detailed
analyses about the effects of constraints on the design space are directed to the
corresponding sections. Finally, the impact of the column length was tibroug
studied. It is found that yield constraint is always active, forcing the feasible regions to
shift towards the bottom left corner (or left) to avoid product loss, but productivity and
capacity utilization constraints are only binding at lasgeand larged

In addition to the findings above, there are some other aspects that can be
considered using the proposed framework and will be explored in future publications.
For example, lumped kinetic model is used to train the surrogate model, but this model

does notconsider particle diffusion inside the resin. Thus, more detailed mechanistic
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models like the general rate model or shrinking core model will be used to investigate
the design space of the continuous capture process. Moreover, the developed process
model in this work does not include the simulation of elution process, which might ha
some impacts on the calculated yield and productivity. More comprehensive studies will
be performed to simulate the elution process and investigate the purity under the multi
component systems. Furthermore, continuous chromatography systems witimdiffere
column numbers will be also considered and compared. Additionally, the influence of

modeling parameters caused by different resins on the design space will be examined.

66



Chapter 3

MACHINE LEARNING -BASED OPTIMIZATION FOR ION EXCHANGE
CHROMATOGRAPHY

3.1 Introduction

lon-exchange chromatography (IEX) serves as a crucial separation technique in
the biopharmaceutical downstream process, particularly for the polishing[Steps
155]. IEX is primarily employed for the separation of charge variants through either
stepwise or gradient elution methd@8]. This central cut process is complicated, with
multiple factors affecting its efficiency, including pH, buffer concentration, resin
selection, elution strategies, and product poo88]. Solely relying on experimental
approaches to characterize and optimize this multivariate process can be challenging,
potentially leading to increased time and resource denfd®és 197] To accelerate
process development and reduce the associated costs of conductirmntdmesource
intensive experiments, Process Systems Engineering (PSE) tools, such abaredel
optimization, could be implemented to solve the multiparametric prolidch could

help ensure a robust and optimal separation prgté8s 198]

Chapter3 is adapted from the following journal articleritten by the author of this
dissertation:

Ding, C., lerapetritou, M.,Machine learningbased optimization of a muistep ion

exchange chromatography for ternary protein separaG@mputers & Chemical
Engineering 2024 184:108642
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In response to the rapid advancements of artificial intelligence (Al), Industry
4.0, and Digital Twins (DTs), and in alignment with the Quality by Design (QbD)
initiative, there is a growing demand for gaining a more profound understanding of the
underlyirg processefl2, 13, 126] Mechanistic models, rooted in both physical laws
and process knowledge, have been extensively applied for process characterization and
optimization[199]. In the chromatographic procedures, mechanistic modeling primarily
focuses on describing the solute transport within the-isted intraparticle mobile
phase antheadsorption process occurring in the stationary pfvagdeThe general rate
model is widely recognized as the most comprehensive one for representing mass
transport due to its capacity to account for convection, axial dispersion, film mass
transfer, and pore diffusion. In the context of the adsorption withind§stems, the
steric mass action (SMA) model is notably adopted @mdtandsn capturing sait
dependent effec{g8]. For example, to leverage the potential of mechanistic modeling,
Cebulla et al[93] applied modebased approach to optimize the IEX process for
isolating a fragment from human serum albumin. The resulting optimal operating
conditions were shown to yield higher purity, reduced processing time, and decreased
buffer consumption in compads to the original experimental procedures.

However, as these mechanistic models evolve to incorporate more precise
representations of process dynamics, the corresponding computational complexity also
increase$189]. Consequently, it can become inefficient and tonasuming to solve
such complex problems with traditional optimization approaches. To address this
challenge, machine learning (Mbpased strategies have emerged as a promising
alternative to balance themputational burden and model accurfid7, 200, 201]In

our previously published worl89], surrogatebased feasibility analysis was proposed

68



in order to identify the design space of tvaolumn continuous chromatography.
Feasibility analysis could help find design space that represents the operational ranges
ensuring product quality. To enhance the efficiency of solving the computationally
expensive simulations involved in feasibility analysis, a surrogate model was utilized to
represent the mechanistic model and this approach yielded a substarid 36
reduction in computational time. Our work was based on the direct design approach for
theidentification of the design space, but it is noteworthy that the inverse design, also
referred toasthe inverse problem, has also gained popularity in the field of natural
sciences and engineerif®02]. Although this framework could be directly extended to
address the constrained optimization problems, it is crucial to recognize that in that case,
the feasibility analysis and the objective function would go through different training
phases, potentiallyeading to an increased sampling budget. If using the separate
training strategies, the sampling effort might be directed toward the feasible region with
large objective values for the feasibility analysis or the infeasible region with small
objective valies for the optimization part. To address this challenge, we have introduced
a surrogatdased optimization methodology coupled with feasibility analjg$ to
effectively address optimization challenges within the constraints of operational and
quality requirements in IEX processes.

In this work, the MLbased optimization framework was applied to a case study
focused on optimizing a multicomponent separation process involving ribonuclease,
cytochrome and lysozyme. This case study, adapted and modified from a previous
publication[90], aimed to maximize productivity while adhering to operational and
guality constraints. To achieve this, Gaussian process regression models (GPR) models

were constructed to approximate both the objective function and the constraints by using
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data generated from the mechanistic model. To reduce the sampling budget, the
optimization framework was divided into feasibility and optimization stages, each
incorporating an adaptive sampling strategy. The optimal operating conditions,
constraints, obgive values, and required simulation time obtained through our ML

based approach were compared to those obtained by directly applying traditional
optimization algorithms, such as genetic algorithms (ga) using the mechanistic model.
Moreover, the effectsfgpeak cutting criteria on the optimization results and active
constraint were investigated, and a detail

optimal solution was performed.

3.2 Materials and Methods

3.2.1 Case Study

The investigation into the separation of a protein mixture, encompassing
ribonuclease (RNase), cytochrome (cyt), and lysozyme (lyz), is pursued as a case study,
as it is a prototype and benchmark example employed in the academic m{®@i&ling
90, 91, 198, 20205]. The separation process is achieved through the use of-cation
exchange columns (CEX) packed with SP Sepharose FF beads, with sodium chloride
playing a crucial role in modifying the protein affinities. When modeling the isolation
process, the central compent (cyt) is the protein of interest, with the other two
components considered as impurities. The parameters associated with column
geometry, mass transport and binding behaviors of the three proteins for modeling are

obtained from He et aJ90], which are listedn Table3.1.
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Table3.1:

Parameters related to colungeometry, mass transpornd binding
behaviorof the proteinsi(t {RNase, cyt, lyg) applied in the mechanistic

model
Catalog | Symbol Description Value Unit
0 Column length 1.4E2 a
col 0 Columndiameter 1E-2 a
e%rtr‘]rgt“ i Particle radius 4.50E5 a
g Y - Columnporosity 0.37
- Particle porosity 0.75
M Oy Axial dispersion 5.75E8 a i
ass Qr, Film mass transfer 6.90E6 & i
transport , ——— ;
On Pore diffusion 6.07E11 a i
¥ lonic capacity 1200 a€a
Q5 Adsorption coefficients | [7.70, 1.59, 35.5] i
Qr Desorption coefficients | [1000, 1000, 1000] i
' Characteristic charges| [3.70, 5.29, 4.70]
" Steric factors [10.0, 10.6, 11.83]
Isotherm Reference salt . .
- R Maximum inletsalt | , , .
() concentration in the : aéa
R concentration
particle liquid phase
Reference salt
n concentration in the 1200 (Equal to a€a

particle solid phase

lonic capacityy)

The operation protocol for the CEX column is also taken f@0h as shown in

Figure 3.1. Specifically, the column is first equilibrated with the protéee running

buffer with an initial salt concentration of 50¢ a

loaded for a duration of 10 seconds at a constant ionic strengthoot 5@

. Subsequently, the column is

, with

lysozyme, cytochrome, and ribonuclease each at concentrationsaof &

Following the loading step, a &&cond washing phase is carried out at the same ionic

strength. In the elution stage, mtstep gradient elution strategies are implemented,

encompassing two linear gradient elutions with different time interYals Yo ) and
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various slopesi , & ), along with one isocratic step at a constant salt concentration
(@ a Yo & ¥0). The final step, which would typically involve the recovery
and regeneration phase, is omitted during the modeling process and thus not depicted in

Figure3.1.

Csait 4 [mol m™3]

A\

Cinit,O ___________

Load Wash  Elu, Elu, Elu,

»

| | e
At, At ts]

Figure3.1: Operating protocols for the CEX considered in the modeling., Elup,
and Elg correspond to the multistep elution strategi@s. and &
represent the slopes for the first two linear elution pha&esnd Yo
denote the time intervals corresponding to those elution phases;
refers to the initial salt concentration at the beginning of the elution
process

3.2.2 Mechanistic Model

The mechanistic model should be formulated to describe the mass transport of
the mobile phase and the adsorption phenomena of the stationary phase. The General
Rate Model is selected for its ability to accommodate various levels of mass transfer

resistance As for the binding behavior inside IEX process, the Steric Mass Action
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isotherm is employed as it accounts for the salt concentration, molecule charges and

steric hindrance.

3.2.2.1 General Rate Model

The general rate model was applied in the exact form as implemented within the
Chromatography Analysis and Design Toolkit (CADE[®6], as illustrated in
Equations3.1-3.2.

— 60— 0 — ——10r 0 oy W 3.1

—h oy —b __10 — 3.2
where®, @ andr] correspond to the concentration@f component in the interstitial,
stagnant and stationary phageour components are taken into consideration during the
simulation, with@alues ranging from 0 to 3, representing the salt ions, Rnase, cyt, and

lyz; respectively. The variablésd andi represent the time coordinate, axial position

along the column direction, and the radial position along the particle radiesiotes

the superficial velocity, while and- are the column porosity and particle porosity;
0 ,Qy, andO j represent axial dispersion, film mass transfer and pore diffusion
coefficient of Q component.

The Danckwertsd boundary conditions ar e
outlet in Equation8.3i 3.4, along with the specified boundary conditions for the beads

outlined in Equation8.5i 3.6 [206].

60RO oM O — om 3.3
— oD T 3.4
- OfF—2 KO AR AT | 35
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—"gom n 3.6
where® ;, ¢ is the timedependent inlet concentration of tfle component() andi

represent the column length and the particle radius; respectively.

3.2.2.2 Steric Mass Action
Steric mass action was also implemented within CADET as shown in Equation

3.7 [206].
— Qi — o — 3.7
where® andn are the reference salt concentrations in the liquid and solidgphase

inside the beads, which are primarily utilized for the purpose of normalizing adsorption
and desorption rates; f6® component,Q; and ‘Qj denote the adsorption and
desorption coefficients, while is the characteristic charge} is the number of
available binding sites, which can calculated from the number of bound countgr ions

by considering steric shielding, as depicted in Equai8n
n ¥ B ", n n B » N 38
wherey could be derived from an electneutrality condition, as described in

Equation3.9;, is the steric factor 6f2 component, and is the ionic capacity for the

CEX resin. The total number of components, denoted as , should be 4 in this case

study.
n ¥ B in 39

For a more comprehensive understanding of the SMA model, publi¢2@6h
should be reviewed. The detailed description and corresponding values of all parameters
related to column geometry, mass transport, and binding behavior of the proteins are

summarizedn Table3.1.
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3.2.3 Problem Statement

Productivity, yield, and purity are critical indicators for assessing the
chromatographic column performance. The calculation of these metrics follows the
methodology outlined if©0]. All three metrics are calculated within the pooling time
interval 0 , starting at timef. In this work, peak cutting for pooling is defined by setting
the percentage of target protein concentration at the column outlet to a fixed threshold
of 75%. While it is evident that the criteria for peak cutting can exert a substantial
influence on theerformance indicators of the column, it is noteworthy that this factor
is not considered a decision variable in the optimization problem. Instead, various
scenarios under different percentage thresholds are investigated to enhance our
comprehension of the underlying process.

The productivity ofcytochrome 0 i ) is defined as the quantity of target
protein produced per pooling time interval and per unit resin volume, as illustrated in
Equation3.10. The yield@ ) is determined by the withdrawn target product in relation
to the corresponding feed mass, which can be calculated in Eq@4dtioThe purity
(06 ) is defined as the ratio of the collected target protejnothrome) to the
cumulative sum of the three protein components during the pooling interval, as

expressed in Equatidhl?2.

0i . 310
o 0o 311
h
bo = i 312
B h

wherel denotes the volumetric flowratéy stands for the column volume; aad

represents the loading time.
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i ET 01 o 313

OO @ wmh 3.14
» o Ymb 3.15
o o pd 3.16
® O w 317

In this study, productivity is selected as the performance variable for
optimization, while the other two metrics (yield and purity) are required to meet certain
predefined criteria. The goal of maximizing productivity is achieved by adjusting the
multi-step elution strategies, as detailedSection3.2.1, wherea total of 5 decision
variables @ YohYoha ha hao }) are presented. The overall optimization
formulation problem with constraints can be found in EquatBat®i 3.17. The target
values for purity and yield are considered to be 90% and 80%; respectively. It should
be noted that these values are wgefined and can be adjusted according to specific
requirements. Furthermore, it is essential to ensure that the santation® does
not surpass 1 M during the elution process, aligning with practical applications. The
lower and upper bounds of the decision variables in this optimization case study are
summarized in Tabld.2, with reference to He et gP0]. The upper bounds for certain
variables Yo , Y0 , andd ) are adjusted to smaller values. This adjustment is applied
to @ to ensure the satisfaction of the salt contraint. It has been also observed that
optimizing with large values fdYd andYo does not yield any benefits, as indicated
by the optimization results. A total process time of 15,000 s was adopted in the
simulation to guarantee the comprehensive evaluation of different scenarios throughout

the optimization process.
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Table3.22 Lower (Ib) and upper bounds (ub) of decision variables in optimization

case study
Symbol Description Ib ub Unit
90 Time _mterval f(_)r thed 500 1000 i
linear elution
6 Time _mterval fc_)r the & 1000 5000 i
linear elution
, Slope for thelstlinear s
a elution P8t p T p8t p T asa |
nd [;
g Slope for théz linear 08T p T 10 GEda i
elution
& Initial salt concentratlon 20 200 8¢ a
of elution

3.2.4 Optimization Framework

Modelbased optimization facilitates the determination of optimal operating
conditions, leading to a reduction in experimental efforts and advancements in process
developmen{56]. Instead of employing mechanistic model, this study introduces a
methodology that incorporates machine learning to enhance the optimization process,
aiming to efficiently maximize the productivity of the IEX separation process. In this
context, Gaussian rBcess Regression (GPR) model (also known as Kriging) is
employed as a surrogate for the complicated mechanistic f@&del

The aforementioned optimization problem is characterized by multiple
constraints, which would lead to multiple surrogates being required to represent each
constraint individually. Consequently, a feasibility function in EquaBd®, derived
from feasibility analysis, is utilized to integrate all constraints, requiring only one GPR

model to represent the entire feasible redi9v7]. Coupling with adaptive sampling
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technique, it becomes feasible to reduce the sampling budget while maintaining a high
level of accuracy in constructing the surrogate m@ts].

o [ ADo 3.18
where@ Qo ,[ & represent the operating variables, T™econstraint function, and
the feasibility function, respectively. Regions whierey is less than or equal toabe
regarded as the design space or feasible region of the defined process.

@¢he initial GPR model is established using the initial sampling points generated
from a spacdilling design of experiment (DOE). Following this, an infill criterion
guides the identification of the next sampling point with either high uncertainty or a low
objective value, thereby saving the need for exhaustive sangid®&). One of the
frequently used infill criteria is the expected improvement (EI) function, as represented
in Equation3.19, which effectively balances the exploration and exploitation at the
adaptive sampling phase. This iterative process continues until a predetermined
stopping criterion is satisfied, enabling the utilization of the final accurate GPR model.
This approaclis also commonly recognized as Bayesian optimiz4#08].

O Q wB

i As

" = 3.19

wherewandi Hare the predicted GPR value and standard deviation at thegpoint
respectively;s and %.denote normal cumulative distribution function (CDF), and
probability distribution function (PDF).

In addressing the constrained optimization case study, the Bayesian optimization
framework can be directly applied to substitute both the objective function and
feasibility function separately. Nevertheless, this method might inadvertently result in
an ingceased sampling requirement. During the construction of the GPR model to

characterize the feasible region formed by constraints, the search may be directed
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toward the feasible region but with high objective values (in the context of a
minimization problem). Conversely, when building the GPR for the objective, efforts
may be focused on the region characterized by low objective values but within the
infeasibleregion.

To mitigate this issue, the El function for the constrali® ® in Equation
3.20 is penalized to account for the influence of the objective function [210¢ This
is accomplished by multiplyinfO  w with the probability that the next sample
point would yield an objective valli®® better than current optimum solutid@ , as
illustrated in Equatio.21. It is worth mentioning that the El function for the feasibility
analysisOO w is modified and derived based on Equati®i®), with the objective
of achieving a balance in sampling between regibias have notbeen adequately
explored and regions where the probability of the predictor being equal to zero is
maximized[211]. ¢he El for the objectiv€)O ® in Equation3.22 is penalized to
restrict the search within the feasible region, as expressed in Eq@idBoifihis strategy
is similarly applied by incorporating the probability of constraints being satisfied.

00 & iH % — iH i-—A@D SHJ 3.20

00 ®w C0 wd QL Q 00 whg — 321
wherew andiHu represent the GPR predictor for feasibility function and the

corresponding uncertainty at the pamtespectively.

g0 & 0 & B ——— (H Tbo—r 322

3.23

00 @ 00 @il & m 00 &k m —
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wherew andiH are the GPR predictor and uncertainty for the objective function at
the pointc3f w  Ttdefines the feasible region.

Moreover, the entire optimization process is divided into two stages: the
feasibility stage and the optimization stage, as depicteffigure 3.2. Generally
speaking, the proposed framework starts with the feasibility stage, where the primary
focus is on accurately identifying the feasible regions with small objective values. Upon
meeting the stopping criteria for this stage, the algorithm transitions ¢ptingzation
stage to explore optimum points within the previously identified feasible region.
Different stopping criteria are utilized and compared based on the computational time.
The first criterion is determined solely by the maximum iteration number, while the
second criterion is more advanced, taking into account not only the maximum iterations
butalso considering improvements in @ and the objective function. Throughout
these stages, the GPR models for the objective and feasibility function are continuously

updated, and the optimal solution is returned from the final refined GPR models.

Initial sampling DOE

Update .« Build GPR for objective « Build GPR for objective Update
—

| * Build GPR for constraints * Build GPR for constraints
Ad_d 2 Maximize Elf,q to locate a Maximize El,; to locate a Ad_d thenew
point to sample . . point to sample

new point new point
|$ Stopping criteria i Stopping criteria No;,
achieved? achieved?

l Yes

Return optimal solution

Figure3.2. Proposed machinearning (ML) based optimization framework
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In order to showcase the efficiency of the framework, we employed the
commonly used global optimization solver, genetic algorithm (ga), to solve the case
study for a comparative analysis. The function and constraint tolerances for ga were
configured app p 1 andp p 1, respectively, to enhance the precision of the
optimal results. All other options for ga were maintained at their default settings. The
mechanistic model was solved using CADET, an egmurce software available at

https://github.com/modsim/CADETTo solve the coupled PDE equations, the axial

column dimension was divided into 100 cells, whilerddialbead was discretized into

20 cells.The Gaussian Process Regression model was developed usibg@te
toolbox[194] built-in MATLAB.In the case of the feasibility function, an exponential
correlation model was employed, with the hyperparameter being 0.1984. Regarding the
objective function, a linear correlation model was selected with the hyperparameter
being 0.3150All the simulations were executedMATLAB R2019lon Intel® Xeno®
E-2274G CPU with 32.0 GB RAM.

3.3 Results and Discussion

3.3.1 Comparison of Optimization Results

3.3.1.1 Optimization Results usingga

To establish a baseline scenario for comparison, genetic algorithm (ga) was
chosen to solve the constrained optimization problem, with the aim of identifying
optimal elution strategies that maximize productivity while satisfying both the quality
and operabnal constraints. Using ga, the optimized decision variables, objective value,
column performance constraints, and simulation duration are summarizadl@3.3.

The optimization using prdefined toleranceand computer settings as stated in the
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previous section, required approximately 125.5 hours, yielding maximum productivity
ofo® wpm Gaé€a i .The obtained yield and purity are 81.45% and 92.12%;
respectively, meeting the specified constraints. flileand enlargectlution behavior

of three proteins under this strategy is illustrateBigures 3.3aand 3.3¢with the gray

area representing the pooling interval. It could be clearly observed that the isocratic
elution does not contribute to the separation and could be removed in practical
experiments. It is worth noting that within the context of this caseystaudigher
number of elution stepgoes not necessarily result in a more favorable outcome. This
observation suggests that the utilization of modeling and optimization can mitigate
redundant experimental efforts and enhance our understanding of the underlying

process.

Table3.3 Optimized operating conditions and objectives using ga anebdiied

framework
Optimized operating conditions
o o , . W
Approach Yo (s) Yo (s) a a (Géa )
ga 483 pt 201 pmt ¢ pm 460 pT1 51.5
ML -based
Eramework 290 pm 100 pmt uv®& pm 883 prT 65.0
Column performance metrics
Approach  Yield (%)  Purity (%) Productivity Simulation time
PP y Géa i) (hrs)
ga 81.45 92.12 od wpT ~125.5
ML -based
Framework 80.46 91.27 v p p T 36.7
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ga ML-based framework
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Figure3.3: The full chromatograms at theptimized operating conditions obtained
from ga (a) and the Mibased framework (b)with enlarged plots
displayed in (c) and (d), respectively.

3.3.1.2 Optimization Results using ML-based Framework

To reduce the computational complexity and simplify the model, théod#ed
framework was proposed and applied in the case study for the purification of ternary
protein components. Specifically, 2000 points were sampled using Latin Hypercube
Sampling (LHSYor the initial development of GPR models, followed by 500 iterations
in the feasibility and optimization stagesimprove the GPR modeli this work, a
large number of sampling points were used to train the surrogate models to ensure the

surrogate aagacy and optimization results. However, in reate scenarios when the
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process understanding is limited or unavailable, a promising approach is the use of
hybrid modeling. In these cases, a neural network (NN) or different machine learning
method could be employed to represent the missing knowledge, followed by
combining this NN with mechanistic model built on the available process understanding
[199]. On the other hand, when no first principles models are available, physics
informed neural networks, by incorporating knowledge from physical laws or principles
during the training process, could be utili&89].

The detailed optimization results and corresponding chromatograms are
illustrated inTable 3.3 and Figure3.3b. It should be pointed out that the productivity
achieved through the proposed framewonk@sp p m™m & € @ | ,demonstrating
a 50.1% improvement compared to that obtained using ga. Furthermore, the simulation
time for the MLbased framework was only 36.7 hours, which is 29% of the time
required by ga. Under the optimized conditions, the corresponding yield atydgpa
80.46% and 91.27%; respectively. As the obtained yield approaches the boundary
constraint (80%), it is important to note that the yield constraint is active under the
current defined peak cuttingyiterion (75%). In contrast, the yield obtainedin ga
(81.45%) is not near the boundary, suggesting that the optimized results might be
suboptimal Although the simulation ends at 15,000 s, the total process time for the
specified operating condition is defined as the duration until all the proteins are
completely eluted from the columit should be mentioned that although the rmsiiéip
(bilinear + isocratic) elution strategies are employed to maximize productivity, the final
isocratic step does not yield any advantiagéhe separation process. Thiggpomenon
could be attributed to the purity requirement, as will be discussed later. When analyzing

the optimized elution behaviors using the two approaches, it is evident that the total
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processing time to complete the separation process using teMinced framework
(~3,600 s) isignificantly shorter than that required by ga (~ 6,000 s).

From Figure3.3 and Table 3.3it is obvious that the first sloped ) is
considerably smaller in comparison to the second d@pég at the optimal solutions.
In order to assess the potential impact of the initial linear elution step on the optimization
results, the chromatograms after the removal of the first linear step are simulated based
on the optimal operating conditions for the base case study, as illustré&igdre3.4.
The comparison of the column performances obtained using thestaydtand single
linear step strategies is provided in TaRk It can be observed that the obtaipedty
and yield significantly decreasdter removing the initial linear gradient elution step.
This observation strongly indicates that the first elution step plays a crucial role in

influencing the performance of the column.

Pooling interval b}
Lysozyme
Cytochrome i 01F
Ribonuclease s

a)

Pooling interval
Lysozyme
Cytochrome
Ribonuclease

|

3

| Yield=0.462
[ Purity = 0.8270

Yield = 0.6741
| Purity = 0.8845

Salt cone. [mol m3]

Protein cone. [mol m

Salt cone. [mol m 3]
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Figure3.4: The new chromatograngenerated aftethe removal of the first linear

elution stepat theoptimal operating conditions obtained from ga (a) and
the ML-based framework (b)
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Table3.4: Comparison of obtained yield and purity using mstép and single linear
elution strategies at the optimal operating conditions

Optimization approach Elution strategies Yield (%) Purity (%)
a Multi-step 81.45 92.12
9 Single linear 67.41 88.45
ML -based Eramework Multi-step 80.46 91.27

Single linear 46.28 82.70

To further investigate the impact of the first step on the elution profiles, various
slope values were selected to simulate the chromatograms, as depietgdraB.5.
For additional quantitative analysis, the area under the curve for the impurity
Ribonuclease at different elution steps is calculated and provided in 3.&ble is
noticeable that with increasing values of the first slope, the eluted anodunt
Ribonuclease during this step increases, reflected by a rise in its area under the curve.
As mae impurity Ribonuclease is eluted out from the column during the initial step, an

increase in the obtained purity and yield is observed.

a) my=1x1073 b) m;=5.3 x 1073 ¢ my=1x10"2

ne. [mol m3|

Protein col

Yield=0.7511
= Purity = 0.8956
002

Yield = 0.8046
Purity = 0.9127

Yield = 0.8481
Purity = 0.9302

0 o ) o I
0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000 3500
Time 5] Time 5] Time [s]

Figure3.5: Different simulated chromatograms at different selestegde values for
the first linear elution step.
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Figure3.6: Comparison of the obtained chromatogram at the optimal solution for the
multi-step and single step case study.

Table3.5: Comparison ofjield, purity, andarea under the cunaf Ribonuclease at
various slope values.

Area under the curve of Ribonuclease

a Yield Purity Gea i
Gea i (%) (%) 1%tlinear gradient ~ 2"%linear gradient
elution elution
p pT 75.11  89.56 5.05 4.95
V& pTt 80.46 91.27 7.45 2.55
p pm 84.81 93.02 9.28 0.72

To provide further insightimto the step elution strategies, an updated case study
using only a single linear elution step was evaluated using théaded framework.
This study also introduced the constraint for total processing time and incorporated peak
cutting as a decision variabléis found that the optimized productivity would decrease
significantly fromuv& p pm to¢®p @ pmm aé¢ a i if multi-step elution
strategies are simplified to a single linear gradient elution, as displayedure 3.6.

These results align well with our previous analyses, indicating that the first linear elution
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step can have a significant impact on both purity and yield, consequently affecting the
overall productivity.

In the optimization problem statement for the base case, where purity and yield
requirements are set at 90% and 888spectivelythe final isocratic elution stage does
not contribute to the separation process, as previously mentimnsanay be attributed
to the relatively low purity requirement. To explore the influence of purity constraints
on the elution strategies, the purity requirement is raised to 95%, along with the decrease
of yield requirement to 65% in order to ensure figitigr. All other process conditions
remain unchanged, and the Mdasedoptimization framework is used. The obtained
optimal chromatogram can be found in Fig8ré Given a higher purity specification,
the slope value for the second gradient elution step (0.024) decreases remarkably,
compared with the value (0.883) observed at a 90% purity requirement. In this scenario,
the two linear gradient elution strategy tdsgeéhe elution of the first impurity
(Ribonuclease), and the final isocratic elution stage is crucial in sieygatiae target
protein (Cytochrome) and the additional impurity (Lysozyridé)s result is consistent
with the finding reported ifP0]. From Figure3.7b, it could be found that the separation
is not completed when the total processing time is 150B@weverit is important to
note thathis example serves primarily to investigate the impact of purity requirements
on optimized elution strategies. If further exploration is desired with a higher purity
criterion, additional adjustments can be made. For instance, increasing the peak cutting
threshold and introducing constraints on eluted protein concentrations below a specified

tolerance concentration, as detailed in the single elution case study previously.
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Figure3.7. Comparison of the obtained optindromatogramander different purity
and yield requirements(a) Purity requirement of 90% and vyield
requirement of 80%; (b) Purity requirement of 95% and yield requirement
of 65%

To improve the efficiency of the Mbased framework, a more intelligent
stopping criterion has been implemented and evaluated instead of solely relying on the
maximal number of iterations. During the feasibility stage, the stopping criteria are
defined byeither reaching the maximum number of iterations (500) or achieving a low
average of expected improvement for every 10 consecutive iterafong (it ).
Similarly, for the optimization stage, the stopping criteria are defined by either reaching
the maximum number of iterations (500) or observing a low improvement in the
objective function value every 10 iteratiors (p 1 ). Under the updated stopping
criterion, the optimized productivity reache® p pm™m a € @ { , similar to the
one(& p pTm™ G € a i )obtainedusingthe maximum iterations as the stopping
criteria. It is worth noting that the stochastic nature inherent in both the initial and
adaptive sampling processes may lead to slightly different optimal solutions. The minor
difference observed, i only a 3.7% deviation in the optimized productivity, indicates

the robustness of the Mhased framework. Compared with the stopping criterion of
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using maximum iterations, the updated stopping criterion results in a significant 48%
reduction in the computational time required for the feasibility and optimization stages.
This results iratotal computational time reduction of 28.6% compared to exclusively

depending on the maximum iterations.

3.3.2 Effect of the Peak Cutting Criteria

In the optimized case study, the yield constraint is active when the peak cutting
criterionis set at a 75% target protein threshold (i.e., cytochrome). In an attempt to
investigate the possibility of the active constraint shifting from yield to purity, the
percentage threshold decreased from 75% to 65%. The updated optimization problem
was solvd using the same Mbased framework while maintaining the same
operational and quality constraints. The optimized results at both percentage thresholds
aresummaried in Table3.5.

As the percentage threshold for peak cutting decreases, the purity constraint
becomes active, with the achieved purity (90.66%) reaching the boundary limit (90%).
The relaxation of the percentage peak cuttirigrionallows for the collection of more
products, as evidenced by the higher yield (88.33%), but it is accompanied by a
compromise in purity. In this particular case study, a reduction in the percentage
threshold for the target protein results in a decreaseduptivity by 16.2%. The
comparison ofhe chromatograms under different peak cutting criteria is illustrated in
Figure3.8. It couldbe clearly observed that in this specific scenario, a reduction in the
percentage threshold leads to a delayed occurrence of the overall elution behavior at the

optimal operating conditions.
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Figure3.8:

Table3.5:

Protein cone. [mol m’3]

h
Threshpld: 75%  Threshdld: 65%

1

3000 3500 1000 1500
l'ime [s]

Comparison of the chromatograms under the optimized conditions at
various percentage thresholds. The blue, red and green lines denote the
column outlet concentration of lysozynogtochrome, and ribonuclease

Comparison of the optimized results at different percentage thresholds

Optimized operating conditions

Threshold Y0 (s) Yo (s) G G w (Géa )
75% 2.90 1.00 v® 8.83 pm 65.0
pm pT pm
65% 98 1.07 P8t 8.08 p T 67.4
p 1 p 1t p 1t
Column performance metrics
: . Productivity
0 0
Threshold  Yield (%) Purity (%) @éa i)
75% 80.46 91.27 v p p T
65% 88.33 90.66 ®O pT

3.3.3 Design Spacé\nalysis

In previous sections, the optimization framework based on machine learning was

employed to facilitate the identification of optimal operating conditions for the

separation ofa ternary mixture of proteinsusing CEX. The application of this

framework could assist in finding an improved operating point characterized by higher
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productivity using reduced computational resources. Moreover, thisbaded
framework could contribute to a reduction in the sampling budget by guiding the
algorithm to concentrate on feasible regions characterized by small objective values
during the feasility stage. This section aims to analyze the design space of the process
derived using the proposed approach.

The design space, characterized by five decision variables, poses a challenge for
direct visualization. Consequently, the GPR model for the feasibility function is utilized
to generate 5D feasible regions, which are subsequently projected onto 2D susiispaces
the optimal solutions. The resulting ten sets of 2D contour plots are illustrdgpire
3.9. The boundary of the feasible region is represented by the line wheradh®lity
function value equals 0, visually represented by the red line, and the design space
encompasses the area within this line. Within this context, the red square signifies the
optimal point obtained using the framework and this point is locatedhwiita bounds
of feasible regions. Under the optimal operating conditions, it is observed that
exhibitsabroader feasibleregios,uggesti ng the systemds capa
in the slope of the second linear elution step while maintaining robustness. The
remaining variables have much smaller feasible rgngeainly due to the constraint
imposed by the salt limitation, especially at laéggevalue. This analysis contributes to
an enhanced comprehension of the underlying processes and facilitates the

identification of input variables with a higher likelihood of causing constraint violations.
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Figure3.9: 2D contour plots of the design space projected from high dimensional
space at the optimal solutions. The red line represents the feasible
boundary identified using the GPR model, and the red square denotes the
optimal solution obtained from the Mhased famework

To provide a more comprehensive analysis, two specific contour plots are
chosen from the set of ten fadetailed explanation, as shownFigure3.10. Thered
line indicates the salt constraint, defining the threshold where the salt concentration
should be maintained below 1 M. According to our framework, the accuracy of feasible
regions in proximity to optimal solutions is expected to be high, whereamsefsr

from the optimal solution may exhibit increased uncertainty and reduced accuracy.
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Thus, points are sampled close to the feasible boundary, and the feasibility function
values at these points are then calculated using both the trained GPR model and the
original mechanistic model. Following this, the results are compared, and if ba#is valu
exhibit the same sign, the point can be considered to be accurately identified. Given that
a feasibility function value less than 0 signifies the infeasible regions and a value larger
than O represents the feasible regions, the exact values areanidiahly the sign of

the values holds significance.
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Figure3.10. Selected 2D contour plots of the design space to illustrate the framework.
The white dash lings the feasible boundary with the feasibility function
value of 0, while the red solid line indicates the salt constraint. The red
square and circles are optimal solution and sampled points, respectively

Figure 3.10a showsthe 2D contour plot betwee¥o and & under the
optimized operating condition. In this scenario, salt constraint establishes one of the
feasible boundaries, which is near the location of the optimal solution. Thus, all the
points are sampled close to the other boundary, where the feadimlityon value is

approximately 0.3, and the comparisorsisnmarized in Tabl&.6. Out of the five
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sampled points, all are identified as infeasible using the GPR model, while two of them
are accurate according to the results from the mechanistic model. The same phenomena
are observed for the sampled points in Figdifiéb. From Table3.7, it canbe found

that points 9 and 1Qyhich are away from the optimal solution, exhibit low accuracy,
whereas the remaining 8 points near the optimal solution demonstrate high accuracy.
This observation aligns with the expectation of our framework, whereas the focus of
sampling is centered towards the area close to the optimal solution. Given the primary
objective of optimizing productivity under constraints, the analysis has demonstrated

that the frameworkan yieldan accurate design space around the optimum.

Table3.6: Comparison of feasibility function values for the sampled poinsgare

3.10a
Feasibility function value .
GPR model Mechansitic Matching?

Point 1 0.39( Yes
Point 2 0.13( Yes
Point 3 ~0.3 ( -0.04( No
Point 4 -0.03( No
Point 5 -0.03( No

Table3.7: Comparison ofthe sign of feasibility function values for the sampled
points inFigure3.10b.

Sign of feasibility function value

ing?

GPR model Mechansitic Matching?
Point 1-8 Yes
Poins 9-10 No
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3.4 Conclusions

In this chaptey we introduced a Mibasedoptimization framework to address
the nonconvex and nonlinear constrained optimization challenges encountered in
biopharmaceutical separation. The framework utilized GPR models to replace the
complex mechanistic model in handling constraints and defirbjegtive function. To
enhance efficiency and minimize sampling demands, the framework was strategically
divided into feasibility and optimization stages. The feasibility stage concentrated on
exploring the feasible region with smaller objective valuesleahe optimization stage
focused on identifying optimal solutions within this defined feasible space.

To evaluate the efficacy of this framework, it was applied to a case study
involving the separation of a ternary protein mixture comprising ribonuclease,
cytochrome and lysozyme. The objective of this case study was to find the optimal
elution strategies Yo maximizing productivity under the salt, yield and purity
constraints. In comparison to the optimized productivity achieved through the genetic
algorithm, this method not only demonstrated superior productivity but also
accomplished the optimization pr@sewithin a shorter simulation time. Specifically,
the productivity optimized by the Mbased framework improved by 50.1%,
accompanied by a 70.8% reduction in running time. The impacts of both the first slope
values and purity requirements on the ovetallien behaviors were comprehensively
investigated, along with an examination of the stopping criteria.

The impact of varying the percentage peak cutting thresholds was examined to
discern the critical constraint influencing the optimized conditions, which might help
enhance our understanding of the process and facilitate potential improvements in the
overal process. Through this analysis, it was observed that the active constraint

transitions from yield to purity as the percentage threshold decreases from 75% to 65%.
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Furthermore, a comprehensive analysis of the design space identification through our
framework was carried out. The result der
accurately identify the design space near the optimal solution, which aligns with our
expectations.

The case study examined in this work serves as an illustrative example to
showcase the applicability of the proposed framework. The methodology presented in
this study is generalizable and can be applied to other complicated case studies,
providing valuab¢ guidelines for addressing problems where identifying optimal
solutions is challenging. However, it is important to note that the mechanistic model
should be fully calibrated and validated before being utilized to generate-shigon
datasets as the @gacy of this framework highly depends on the accuracy of

mechanistic model.
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Chapter 4

HYBRID MODEL DEVELOPMENT FOR HYDROPHOBIC INTERACTION
CHROMATOGRAPHY

4.1 Introduction

The biopharmaceutical industry has receigedsderable attention recently, as
can be witnessed by the growingirket demandand approvals of biological drugy
the EU and the US regulatory agendiegl, 155] During biologics manufacturing, the
formation of protein aggregates duripgpduction and separation processes remains
primary concern[212, 213] Hydrophobic interaction chromatography (HIC) is one of
the widely used techniques in downstream polishing steps for the separation of targeted
monomeric forms of protein therapeutics from the dimeric and/or multimeric species
[214]. HIC is an entropicalhdriven process that exploits the difference between the
hydrophobicityandparticlesizesof the monomer and aggregatesachieve separation
[215]. Despite being commonly employed as an efficient purificatiategy to remove
aggregates, the mechanism for HIC adsorption is quite complex, relying on various
process parameters, like pH, salt concentration, and adsorbent ligand hydrophobicity

[216, 217] Recently an automatic workflow for HIC method development is presented

Chapter 4 is adapted from the following journal article written by the author of this
dissertation:

Ding, C., Gerberich, C., lerapetritou, Mdybrid model development forparameter

estimation andprocess optimization of hydrophobic interaction chromatography
Journalof Chromatography A2023, 1703: 464113.
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by combining screening witim-silico modeling by Barrientos et gR18]. However,
the currentprocess development of HIC still largely depends on rules of thumb or
tedious experimental screening.

Inspired by the quality by design (QbD) initiatiaed the need toeducethe
effort of performing time and resourcéntensiveexperimentsmechanistic modeling
has become an important todbr process characterization, developmentd
optimization[13, 41, 189] Mechanistic models are built based on the understanding of
the chromatographic process physics, which mainly focuses on describing the solute
transport in the mobile phase and adsorption in the stationary [fas6, 89] With
different assumptions and simplificatiorsgveral variants ainechanistianodelsare
usedto describehe fluid flowinsidethemobilephase, including equilibrium dispersive
model, lumped kinetic model, and general rate model (GRMB3]. In HIC modeling,
the fluid dynamics are wetlescribed by physics, but the underlying adsorption
mechanismfor the sakdependent protethgand interaction is stillunclear, which
makes itchallengingto postulaé appropriate mathematical equationsdiscribethe
overall procesg219]. To capture therole of salt, various adsorption laws like
solvophobic and preferential interaction theories have been[2288@22]. Although
the simple Langmuir isotherm is popular and frequently considénési equation
cannot account for the effect of satincentrationon adsorption behavidi74]. To
overcome this limitation, the Langmuir isotherm is often modified to capture the
dependence of adsorption on salt concentrations for the representation of the HIC
adsorption procesf223]. Moreover, Wang et al[219] updated the isotherrby
introducingthe saldependent hydration number of ions appliedin modeling the

system oflucose oxidase, bovine serum albumin, and lysozyme
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The challenge associated with the development of a pne@shanistianodel
is to identify the exact underlying physicochemical phenomena. Duwelitaited
understanding of the HIC adsorption mechanism, the@nisibsence of a reliable
mechanistic modeto describe the interaction between proteins and ligands under
varying salt iond79, 223] Consequentlya hybrid modeling strategy is a promising
alternative taaccuratelydescribe HIC procesad reduce the model development effort
asthis approach can exploit the availabléormation about the proceasid represent
the missing knowledge by a dataven componen{l26, 135] By combining the
mechanisticand datedriven models, the constructed hybrid model catain the
advantages of thmechanistienodel (i.e.physicalinterpretabilityandgeneralizability
while being able to extract information froavailabledata that cannot be captured by
the firstprinciple knowledgé24, 127] Neural network (NN) is a commonly used data
driven model, which is based on the neural structure of the humarBt@jr224] NN
is composed of many interconnected neurons in layers, with weights assigned to each
interconnection. Narayanan et §l.36, 137]developed different hybrid models by
combining varying degrees of process knowledge with NN and evaluated their
performance in terms of the interpolation and extrapolation capabilities in Protein A
chromatography procesi$.was found thathte developed hybrid model outperformed
the mechanistic model in terms of prediction accuracy and robudtrekssuld be noted
though that the hybrid modeling strategy has not been applied to describe the complex
saltdependent adsorption mechanism for HIC process.

In this work, a mechanistic model is first developed to describe the HIC
chromatographic processing arequilibrium dispersive model for hydrodynamics and

modified isotherm derived by Wargj al [219], followed by model validation with

10C



experimental data. Due to the limited understanding of the underlying adsorption
mechanism, a hybrid model is proposed by combining a sinmpléti-component
Langmuirisotherm (MCL) with a NN. Different methods to integrate the MCL with NN
are investigated to find the appropriate hybrid model structure. During parameter
estimation, a regularization strategy is incorporated to avoid overfitting and the effect
of differert NN structures and regularization rates is comprehensively investigated to
acquire the ybrid model with the best performance. To ensure the generalizability of
the developed hybrid model, amsilico dataset is generated using the mechanistic
model to test the extrapolation capability of the hybrid moéahally, process
optimization is conducted to find the optimal operating conditions under product quality
constraints, and the optimal results obtained from the mechanistic and hybrid models

are comparethoroughly

4.2 Material and Methods

4.2.1 Experimental Setup

mAb A HIC load material was acquired, with a concentration of 11.5 mg/mL
and an average dimer content of 1.2%. To enable binding to the HIC resin, 400 mM of
salt was added to the load materfaHIC column with a height of 20.1 cm and an inner
diameter of 0.486 cm was connected to an AKTA explorer (GE Healthcare) to purify
the load material using a linear salt gradient, with the A buffer containing 425 mM salt
and the B buffer containing 0 mMIlsarhe chromatographic sequence employed for
this separation is shown fable4.1, and the resin loadings and gradient lengths were
varied across four experiments as specified in Taldt shouldbe noted that the 50

g/L loading runs exceeded the @ing capacity of the HIC resin, so breakthrough was

101


https://www.wordhippo.com/what-is/another-word-for/thoroughly.html

observed. The linear salt gradient was fractionatedthen each fraction was analyzed
using U\tvis spectroscopy to determine protein concentration and-ISEICC to
determine monomer and dimer contélite fow rate for the four calibration runs was

set at 300 cm/h for all steps in the sequence, and the validation run used a flow rate of

150 cm/h.

Table4.1: HIC chromatographic sequence used in calibration and validation
experiments

Volume
Step (CV) Buffer
Equilibration 3 425 mM modulating salt
. : mAb A material with 400 mM modulating salt
Loading Varies
added
Re-equilibration 3 425 mM modulating salt
Gradient Varies A Buffer: 425 mM modulating salt
Elution B Buffer: 0 mM modulating salt
Strip 5 0 mM modulating salt
Cleaning 3 1.0 M NaOH
Storage 3 0.1 M NaOH

Table4.2. Experimental operating conditions used for model calibration and
validation

Experiment Loading (g/L) Gradient length (CV) Flowrate (cm/h)

Expl 50 40
G Exp2 5 40
Calibration Exp3 50 10 300
Exp4 5 10
Validation Exp Val 35 10 150

10z



4.2.2 Mechanistic Model

Based orthehypothesisnadeandsystem characteristicdifferent models have
been developed tdescribe the fluid dynamics and adsorption phenomena of the
chromatographic process. Among those models, the equilibrium dispersive model
(EDM) is the simplest one to reasonably simulate mass trdiidfett should be noted
that such a model assumes the establishment of adsorption equilibrium, but a kinetic
equation is chosen in thistudy to describe the complicated sdkpendent HIC
isotherm. Thus, thkinetic-dispersive model{DM), as a variant of EDM, is adopted
as the mechanistimodel. It is important to highlight that different papers may use
different terms, such as transport dispersive model or lumped rate model, to describe
the concepts that align with the assumptions of K[8@, 188, 225] Due to the
complexity and limited understanding of the adsorption mechanism of HIC, finding an
adequate isotherm to describe the system studied is a great chditetiue work, a
mechanistic HIC isotherm published by Wang ef219] was employed and further

modified by adding a few parameters to better simulate the process.

4.2.2.1 Kinetic-Dispersive Model (KDM)

Similar to EDM,KDM is a lumped kinetic parameter model, with all mass
transfer resistances and binding kinetics lumped into the isotherm parajh@&drén
this regard, the protein concentration in the bulk mobile phase is expected to be identical
to the average concentration in the ifpeaticle mobile phaseThe model also lumps
axial dispersion and molecular diffusion into one single parameter (apparent axial
dispersion coefficienfR26, 227]

Assuming a radially homogeneous column, the differential mass balance in the

bulk moving phase can be represented hyafiqn4.1.
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-— 00— p - — O - — 4.1
where® andf is the solute concentration of compon&in the mobile and solid
phasesy is the interstitial velocity) anda denote the time and axial coordinateand
- arethe extraparticle andotal porosity Apparent axial dispersion coefficiédt
can be calculated by Hgtion4.2, whered andOare the theoretical plate number and

the height equivalent to a theoretical plate (HET&pectively

O — — 4.2

4.2.2.2 HIC Isotherm

To construct a complete mathematical formulation of the separation process, it
is necessary to complemelDM with an adsorption isotherm. By considering the
water structure, the salependent HICkinetic equationderived and developed by
Wang et al [219] was given in Egation 4.3, whereQ}; andQj, are thekinetic
adsorption and desorption coefficienis, p is the maximum binding capacity, is
the rumber of hydrophobic binding sités j is the bnic hydration number at infinite
dilution,f f is the bnic hydration factor for the sajf componentQanda is the ionic
salt concentratianlt should be mentioned that the kinetic parametgsandQ;
indirectly include mass transport resistances, but the @6 Qp determines the

equilibrium constant that is a thermodynamic parameter.

— Qb p B QrN g g 4.3

h

Inverse modeling was employed to fit this isotherm to the experimental data, but
the fit was unacceptably poor. There were concerns that the model was not accurate
enough to get usable process optimization results, so extensions of this isotherm were

explaed. To better capture the HIC system studied in this work, three additional

104



parameters< , 1 i, andl ) are added to the above HIC isotherm, as shown in

Equation4.4.

Qﬁr'] R - 44

where— is theFreundlich indexn j is the eference concentratigh f is the ionic
hydration factor for the monomeof "Q component, andd is the monomer
concentrationThe modified isotherm is an empirical modieat can account for the
dependence of the dimer adsorption on the monomer content, as can be seen from the

last term . By adding extra parameters, the adsorption model can help better represent

the HIC separation process.

4.2.3 Hybrid Model

Since the fluid dynamics of the chromatographic process can be well described,
KDM is used in its original formulation. The challenge in HIC mechanistic model
development is to find an appropriate binding isoth&rrdescribe the sattependent
proteintresin interaction. Such development requires a-teghl understanding of the
process and significantly increases the effort required, as seen by the rather complex
isotherm described iBectiord.2.2. Moreoverif the presumednechanism differs from
thetrue underlying mechanisnthe formulated isotherm model magé thecapability
to characterize the process and describe the experimentalgaitential approach to
reduce such effort and increase the model flexibility is to employ a simpler isotherm,
together with a universal approximator like a neural network (NN) to construct a hybrid
model. The approximator utilizes the available data fer ithe underlying mechanism
of the process, which may reduce the effort in mechanistic model development phase

[200, 228] In such cases, even if the postulated simpler model differs significantly from
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the experimental profiles, the mismatches may be reduced with the use of the NN. The
gaps in process knowledge may therefore be abridged, saving anderesource
intensive development efforts.

Basedon this idea, multcomponent Langmuirate equatior(MCL) [82] in
Equation4.5 is selected as the baseline adsorption mechanism as this equation is well
known and widely accepted. There are different strategies to include a NN in the MCL
equation, leading to different hybrid model structures. In this work, two hybrid model
structues aremainly considered and tested. The first hybrid model, referred to as the
AHy bBMGLld, 6 i s established by adding a mul
Langmuir isotherm. As indicated in Eation4.6, the NN is a function of mobHgha®
concentrationd), solid-phase concentratidri ), and salt concentratiom] at a given
point in space and time. An alternative formulation of the hybrid modtdr(ed to as
the fA-BebBor gt i on o0 )uatiorsl.7, ntwbick onlyithe degogption term
is modified by multiplying a NN.

~

— Qo p B . 0N 4.5
h
— O0omhh Q6 p B - QN 4.6
— Q6 p B —— QARG omMM 4.7
h

It is worth noting that sinciaeincorporation oNN should not alter the physical
meaning othebindingprocesstwo different operators (e.g., exponentaldabsolute)
are added to the NNUnless otherwise stated, the absolute operator is enforced to the

NN output.
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4.2.4 Determination of Model Parameters

Based on the model mentioned in previous sections, the parameters could be
classified into mass transfer armbtherm parameters. The first type of parameters,
including- , - , andQ, are usedn the kinetiedispersive modelThe other type of
model parameters is used to describe the adsorption behaviortdiGh@ocess. For
the mechanistic model, there are in total 9 adsorption param€ersy{s,n 5, —,
" ARt T ,and )foreach component (monomer or dimer). In terms of the hybrid
model, the number of isotherm parameisnelated to the NN structures and will be

discussed in Sectich3.2.

4.2.4.1 Column Characteristics

To determine the column flow characteristics, two pulse injections were
performed prior to running the purification experiments. A4d00 pul se of 2.
(SigmaAldrich) was injected into a running solution of 0.4 M NaCl at a flow rate of
300 cm/h. The retention volume of this peak was used to determiaed the method
of moments was also applied to this peak to deteriGingo determine , a 100 L
pulse of 100 nm gold nanoparticle suspension (Sigideach) was injected into a
running solution of DI water at a flow rate of 300 cm/h, and the retention volume of the

peak was calculated.

4.2.4.2 Parameter Estimation

The remainingadsorptionparameters can be estimated by inverse fitting the
experimental bindindelute curves. The flowchart of the procedure for parameter
estimation using the hybrid model is illustratedrigure4.1. A similar scheme can also
be used for the parameter estimation of mechanistic models by simply substituting the

hybrid model block with the model of interest. Specifically, all parameters (adsorption



parameters lik&, Q, andn in MCL equation, NN parameters like weights and
biases)are first randomly initialized, followed by solving the coupled PDE equations
via built-in PDE solver pdepe in MATLAB 2019f229]. The optimal isotherm
parameters are obtained by iteratively solving the nonlinear optimization problem that
minimizes the usedefined cost function. After parameter estimation, the developed
hybrid model is validated to evaluate its predictive ability.

To find the optimal parameters and assess model performance, a normalized sum
of squared error (NSSE) metric is used. Under this metric, the commonly used sum of
squared error function is normalized across multiple experiments because the output
concentrabns are of different orders of magnitude. Since the constructed model is
nonlinear and nonconvex, a global optimization strategy is used to avoid getting trapped
in the local minimum. The differential evolution (DE) algorithm is frequently
considered oneof the most popular approaches to address such complicated
optimization problems in many scientific and engineering probl@286]. DE is a
stochastic populatichased metaheuristic search algorithm that drives the population
toward better solutions by applying the operators of mutation, crossover, and selection.
As one of the most efficient DE variants, successful histaged addjve differential
evolution with linear population size reduction8HADE) is adopted for parameter
estimation in this work as this algorithm exhibits excellent performf®8%H. Unless
explicitly specified, the optimization results Bection4.3 are obtained using &
SHADE. Other global optimization algorithms such as MultiStarincon [232],
genetic algorithm (GAJ233] and particleswarm optimization (PSOR34] are also

tested to estimate parameters of hybrid model. Due to the stochastic nature of those
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global optimization algorithmssimulationsfor parameter estimation are run multiple

times to ensure the robustness of the model.

— (Initial) Parameters: Adsorption, NN

Hybrid model
Bci
— = KDM

at
0q; - :
a0 Hybrid_MCL(Desorption)
Solve the coupled PDE equations

l

j Jj
G5 —C o
Objective: min };; 3ot jex”")z
max Coyp

Update

+regularization (optional)

Criterion
achieved

1 Yes

Optimized isotherm parameters

|

Hybrid model validation

Figure4.1: The overall schematic of parameter estimation using hybrid model

Regularization strategy is employed to prevent overfitting and obtain a
generalizable framework where the structural complexity of the NN model is also
minimized. The complexity of NN could be quantified usingegularization, which
defines the regularization term as the sum of the squares of all weights. This term is

added as a penalty term to the loss function to form a new cost function, as indicated in



Equation4.8, where_andf represent the regularization rate and feature weights of
NN, respectively. It is worth noting that choosing an appropriate regularization rate is
important to achieve the right balance between underfitting and overfitting.

Accordingly, the effect of diffieent regularization rates on the fitting results is evaluated.
BB —°* B f 4.8

Critical components of NN model are the number of hidden layers, the number
of nodes in each hidden layer and the form of the activation function that determines
whet her this node wil/l be fAactivatedo and
structue is evaluated in order to obtain the optimal structure that minimizes the

objective function value.

Table4.3: The operating sequence used for the extrapolation test and optimization

case study
Step Volume (CV) Salt Conc. (mM) Flowrate
Load 35¢g/L 400
Step elution 3 Wf; 0
Gradient elution Gradient length Wi towgy

The mechanistic model is developed based on the underlined mechanism, so the
model can be highly generalizable and physically interpretable. Although the data
driven component of the model based on NN can describe the process without prior
knowledge, it menly suffers from poor interpretability and generalizability. To test the
extrapolation capability of the developed hybrid modeinagilico dataset is generated

using the mechanistic model outside the calibration datasets. The operating sequence
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for the extrapolation test, as showrTiable4.3, includeghe step and gradient elution.
It is worth noting that the wash step is not included in the test as it would only result in
a time delay of the profile and will not impact the actual elution behavior from the

modeling perspective.

4.2.5 Process Optimization

Modelbased optimization is used to obtain the optimal operating conditions to
reduce experimental efforts and improve process develogb&235] The sequence
used for the optimization case study is chosen the same as the extrapolation test because
the hybrid model has been validated to be suitable to describe this sequence.
Specifically, the operating conditions, including the flow tatgyradient length, and
starting and ending salt concentration for elutiai; ( and®; ), are optimized
using the developed mechanistic and hybrid models. The primary objective considered
in this work is to maximize the process yield under the purity requirement as it is an
important metric to evaluate the column performance. Besides, dbegsing time is
also an essential factor in measuring the separation efficiency in practical applications.
Thus, the minimization of the processing time is considered as another objective. The
two objectives can be combined into a single objective byngdseights)( and )
as shown in Eaggtion4.9.

The overalloptimization formulation is shown in Hegtions4.9-4.15, where)
is flow rate,0 is the processing time) is the eluate voluméYw and™w
are the optical density when the pooling starts and ends. In this study, 100 and 0.001 are
selected for the weights of the objectives ( and] ), respectively. In
biopharmaceutical manufacturing, at least 99.9% purity of monomer is ref@ijed

Due to the stringent product quality, a safety factor of 1.33 is added to the purity
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requirement. The pooling time intervals are determined based on the peak cutting

criteria, i.e., the optical density is at least 0.5 OD.

min wQQaQ o 4.9
0 6 16Q0 w@cub 4.10
® TGQb- 4.11

pmtn0d v TNAITE 4.12

0 ®'Q 4.13

A Pé o 4.14
YohYs ™00 4.15

The model includes six decision variables to be optimized, Qé.,
W OQe@EGd; ,o; , Y and™Yw. Based on the mechanistic and hybrid
modeldevelopedn Sectiord.2 and4.3, theoptimization problem was solved using L

SHADE, and the obtained optimal parameters and objectives were compared.
4.3 Results and Discussion

4.3.1 Parameter Estimation using Mechanistic Model

In this work, a newly developed adsorption isotherm together with the KDM is
used for the description of the HIC process. The resin and column packing parameters
in KDM can be directly or indirectly measured based on the methodologies in Section
4.2.4.1. The total and extgarticle porosity, and the height equivalent to a theoretical
plate (HETP) are given in Tabe4.
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Table4.4: Resin and column packing parameters of the KDM in HIC process

Symbol Transport Parameter Value Units
- Total porosity 0.956 -
- Extra-particle porosity 0.415 -
§©) HETP 4.5E2 cm

The adsorption parameters in the skpendent HIC isotherm are obtained by
inverse fitting the various experimental gradient elution curves via t8&IADE
optimization algorithm. The simulated and experimental chromatograms under varying
operating condions for model calibration are compatiad-igure4.2. It can be clearly
observed that the proposed mechanistic model can capture the gesredabf the
elution behaviors accurately. Due #olimited process understanding of the HIC
adsorption mechanisrthere exist some deviations between the fitted and experimental
data especially for Expl and Exp3.

To test the quality of the calibrated mechanistic model, an additional experiment
was conducted under varying operating conditions as the validation dataset, as can be
seerfrom Table 4.2. It is noteworthy that although the setpoints for loading and gradient
length were within the range of the calibrated dataset, the flow rate used for validation
(150 cm/h) is outside the calibrated condition (300 cm/h), which can help bssess
the interpolation and extrapolation ability of the developed model. FigBaesthows
the predicted elution curve and experimental validation data. A good agreement between
the simulated and measured data can be observed, especially for the monomer peak. The
comparison of measured and predicted concentration data for monomemanaack
shown in Figure 4.3b and 4.3c, respectively. Ferrttonomer, the distribution is close

to the reference linew @ with a high correlation coefficient of 0.9878 aivd value
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of 0.9902, indicating the high accuracy of the model to characterize the monomer
behavior. In terms of the correlation result for dimer validation data, the deviations are
larger than that of monomer data but the error is acceptable @@o p ¥. dt is noted

that although significant biases can be found at the low concentration range, the absolute

differences are still negligible as tbencentration is close to 0.
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Figure4.2. Comparison of the calculatéihd-andelute curves with the experimental
dataset under different operating conditions during parameter estimation.
All the experiments were conducted using a flow rate of 300 cm/h. Mech:
mechanistic model; Exp: Experiment.

114



a) b) ) ¢)

Validation Monomer concen tration 018 Dimer concentration

Predicted (g/L)
Predicted (g/1.)

Validation data

Validation data
y=x
= = =y=0.9471 x x-0.0061

—_— '
=y=0.9878 x x-0.1281

R2 = 0.9902 R*=09173

1 2 3 1 5 6 7 0 002 004 006 008 0.1 012 014 016 018
Measured (g/L) Measured (/1)

Figure4.3: a) Comparison of the predicted biaddelute curves with the
experimental dataset for model validation; Correlation between measured
and predicted concentration for monomer (b) and dimer (c). Mech:
mechanistic model; Exp: Experiment.

4.3.2 Hybrid Model Development andValidation

4.3.2.1 Parameter Estimation

Two different hybrid models (Hybird_MCL and Hybrid_Desorption) are
constructed to describe the HIC isotherm, followed by model calibration to test the
applicability of the proposed hybrid model. Before parameter estimation is performed,
the neural networbktructure should be determined in order to write the mathematical
equations in closed form. The NN structure used in the hybrid model is illustrated in
Figure 4.4, in which one hidden layer with 2 nodes is selected together with the
hyperbolic tangenftarh) as the activation function. For each component (monomer or
dimer), a total of 14 parameters are required to be estimated, including the 3 parameters
on the MCL equation and the 11 parameters at the NN model as illustrated in Figure

4.4,
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Figure4.4: lllustration of neural network structure and parameters in hybrid model.

For the first hybrid model structure, Hybrid MCL, the comparison of the
simulated and experimental elution curvesdigplayed in Figurd.5. It can be clearly
discerned that this hybrid model lacks the capability to describe the HIC process. No
benefitwasobserved by increasing the complexity of neural networks and running time,

and testing different optimization algorithms, as can be seen in Z.&ble

Table4.5: Calibration NSSE using the Hybrid_MCL model for parameter estimation
(1 hidden layer and tanh as the activation function)

Running time (days)

# nodes Operator Optimization algorithms 7 14 51
2 absolute 21.17 19.31 19.03
3 L -SHADE 29.60 27.42 27.38
2 exponential 27.03 23.42 nla
3 3745 20.84 nla
3 absolute GA 29.49 n/a n/a
exponential 45.2 n/a n/a
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Figure4.5: Comparison of simulated elution curves and experimental results using
Hybrid_MCL model

The results of the second hybrid model, Hybrid_Desorption, are shdviguire
4.6. In general, this hybrid model can fit the experimental daite well except for
Expl and Exp3. Subsequently, the obtained model is used to predict the elution curves
of the validation set, as can be seen in Figure The results indicate that this hybrid
model structure can reliably represent and simulate the HIC process studied in this work.
As mentioned in Sectioh?2.4.2, the globabptimization algorithm LSHADE usedor
parameter estimation is stochastic, which could result in different optimal values at each

run. Multiple runs of estimating parameters were conducted to test the robustness of the



developed hybrianodel. Table4.6 lists the NSSE for calibration and validation data
after 4 different runs. Although the obtained objective function values are slightly
different after each run, the difference is in an acceptable range, indicating the
robustness of our developed modghsed on Tabld.7, it canbe observed that the
average error for the calibration and validation data using the mechanistic model is
pretty close. However, in terms of the fitting results based on the hybrid model, the
average calibration NSSE for all runs is significantly lowemtlhe validation error,

suggesting the occurrence of overfitting.
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Figure4.6:. Comparison of simulated and experimental elution curves using
Hybrid_Desorption model
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Table4.6:. Comparison of NSSE after each run
Model type NSSE calibration =~ NSSE validation
15'run 0.9344 0.6731
Hybrid mc 2" %un 1.6988 0.9981
34 run 1.2864 0.6977
4" run 1.5821 0.6756
Mechanistic model - 2.92 0.6252

Table4.7. Comparison ohiverage NSSE after each run
Average NSSE
Model type Calibration Validation

15 run 0.2336 0.6731

Hybrid mc 2" %run 0.4247 0.9981

39 run 0.3216 0.6977

4" run 0.3955 0.6756

Mechanistic model - 0.73 0.6252




To avoid overfitting, L2 regularization term is added to the loss function with
the regularization rate. The obtained error values under three different regularization
rates PO 1 ,¢®0 1,00 1) are comparedn Figure 4.8. In general, the
incorporation of regularization strategy should result in an increasing calibeat@n
but choosing the appropriate rate€(O Tt could achieve a balance between the
calibration and validation error to improve the performance of the hybrid model. It can
be clearly noticed that a large regularization rat® ( T resuls in the highest
calibration error and lowest validation error probably because the NN structure-is over
penalized whereas a small regularization ra@ ( T leadsto a large validation error
due to the small penalty on the NN weights. The simulated elution curves at a
regularization rate o§®0O 1 are shown in Figure4.9, whereno overfitting is

observed.

25

[ ]calibration data

[ Validation data
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Figure4.8: The NNSE for the calibration and validation dataset under different
regularization rates.
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Figure4.9: Comparison of simulated and experimental elution curves after the
incorporation of regularization strateqy ( ¢®0O 1).

Since the NN structure can affect the hybrid model expression, the effect of
different activation functions and number of nodes on the model performance are
investigated. According to previous analysis, since overfitting is found using a neural
network wih two nodes in one hidden layer to construct the hybrid model, no more than
2 nodes are adopted when examining the impact of NN structure. Additionally, as
mentionedn Sectiond.2.3, different operators can be added to NN output to maintain
the physical meaning of the adsorption process. TaBlsummarizeshe calibration
and validation errors under different NN structures and operators. It should be noted

that no regularization strategy is included in this step because the goal is to find the
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