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Abstract  
A key challenge for early stage bioprocess development is the need to deliver 

effective operating conditions against aggressive timelines and stringent material 

constraints. For antibodies, the largest class of biopharmaceuticals to date, 

chromatography constitutes a key tool for product purification. The development 

of these steps typically involves multi-variate and multi-objective optimisation 

problems with various constraints and often complex trade-offs. 

This research investigates data-driven experimental optimisation strategies based 

on the Nelder-Mead simplex algorithm, and other more traditional approaches using 

DoE and fundamental chromatography understanding. Through three case studies, 

the polishing chromatography process was developed for a series of industrially-

relevant binary and ternary mAb feeds. Bind-and-elute cation-exchange 

chromatography operations were optimised with regards to the loading and elution 

conditions, employing step and linear gradients. Experiments were conducted using 

conventional laboratory-scale chromatography. In the third case study, these were 

compared head-to-head with micro-scale chromatography methods, on a Tecan 

Fluent liquid handling station. Process insight was generated, and trends visualised 

and interpreted for key performance outputs such as product mass, recovery and 

productivity against pre-defined requirements for product purity. These trends were 

shown to be reproducible at micro-scale with comparable chromatographic 

resolution, employing residence time scaling.  

The proposed experimental optimisation strategies were shown to effectively deal 

with the high variability typical of antibodies, revealing interesting trade-offs for 

high loading conditions and in the vicinity of product breakthrough, leading to high-

performing counter-intuitive operating regions. In these practical scenarios, the 

simplex was demonstrated to be an easy-to-use and dynamic tool that guides 

development efforts towards feasible and promising operating regions whilst also 

being interactive by accepting information from different sources to maximise the 

value gained from the available experimental data. Hence, this work has 

demonstrated how state-of-the-art experimental optimisation methods can be 
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deployed for rapid and rational process development, enabling the identification of 

high-performing operating conditions that may not necessarily align with 

conventional assumptions and traditional expectations. 
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Impact Statement 
The modern biopharmaceutical drug development landscape is highly competitive 

in nature. Key challenges the biopharmaceutical industry is facing include cost 

pressure and the need to accelerate development timelines on one hand, and a trend 

towards increasingly complex and diverse biomolecules on the other. During the 

production of medicines, polishing chromatography is a critical component that 

contributes not only to overall process productivity and cost but most importantly 

plays a role in assuring product safety. The development of chromatography steps 

can be complex with often conflicting objectives. The optimisation of these types 

of problems is an important field in process research and was investigated in this 

work.  

Monoclonal antibodies constitute a major proportion of biological therapies. In this 

work, three industrially-relevant and challenging purification scenarios were 

selected which showcase the variety of this class of molecules and demonstrate how 

state-of-the-art tools for experimental optimisation can be applied to deliver high-

performing operating conditions for polishing chromatography. One such tool is the 

simplex algorithm which was employed to systematically search for optimal 

parameter settings. By demonstrating how the method operates in different 

scenarios and in combination with other tools (local fitting, high-throughput 

technologies), this work promotes the uptake of the technique for efficient 

optimisation of bioprocesses at the early stage of development. Key outcomes of 

the work have been published in Biotechnology Progress journal (Fischer et al. 

2019) and communicated within the academic and industrial community at two 

major conferences ‒ American Chemical Society (ACS) spring conference, New 

Orleans, USA 2018; Poster Presentation, ‘Optimisation of preparative polishing 

chromatography for a ternary antibody mixture’ and at the 17th International 

Symposium on Preparative and Industrial Chromatography and Allied Techniques 

(SPICA), Darmstadt, Germany, 2018; Oral Presentation, ‘Hybrid optimisation of 

preparative chromatography for a difficult and realistic ternary protein mixture’. 
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High-throughput technologies have been recognised in academia and industry for 

their capacity to reduce development time and material consumption. This research 

describes the implementation of a high-throughput method to operate miniature 

columns (RoboColumns) as a scale-down strategy for chromatography process 

development. The outputs from the scale-down system and traditional laboratory-

scale chromatography experiments are compared and data presented to support 

method qualification. The developed high-throughput chromatography workflow 

adds direct value to the process development group at GSK as the industrial 

collaborator of this doctorate and will have an immediate impact in facilitating the 

scale-down of optimisation studies. Outside this group, the output of the studies 

contributes to the body of literature highlighting the potential and limitations of a 

scale-down strategy in direct comparison to conventional chromatography 

methods. Therefore the impact of the Engineering Doctorate (EngD) is 

considerable, both on the fundamental development of state-of-the-art experimental 

optimisation approaches and on the practical deployment of an industrially 

important experimental mode. 
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1 Introduction 

1.1 Nature of the bioprocess industry 

Biopharmaceutical processes need to continually evolve in order to ensure future 

success in a highly competitive industry landscape. As the biopharmaceuticals field 

matures, increasingly complex biomolecules are being developed and engineered 

to provide desirable product characteristics such as increased potency and efficacy 

(Carter and Lazar 2017; Strohl 2018; Xu et al. 2019). High development costs for 

new medicines and stringent regulatory requirements, as well as the forecast for 

patent expiry of blockbuster drugs and market opportunities for biosimilars, put 

pressure on the rapid delivery of high-quality drug candidates to the clinic 

(Jagschies 2013; Challener 2014; Udpa and Million 2015; Zurdo 2013).  

Process development scientists are increasingly being faced with demands to 

shorten development timelines and reduce cost, whilst the industry is challenged to 

adjust to a dynamically changing business environment (McKenzie et al. 2006; 

Gottschalk, Brorson, and Shukla 2012; Langer 2014). From here stems the need for 

efficient process development and optimisation methods that enable the rapid 

identification of preferable process conditions early on in development whilst 

facilitating process insight with respect to overall manufacturability. As a result, 

different optimisation strategies involving experimental approaches, statistical or 

engineering models and combinations thereof are being explored (Baumann and 

Hubbuch 2017). Recent technological advances, for example in micro-scale 

experimentation and the wider use of robotic platforms for high-throughput 

applications, have facilitated the acceleration of process research and development 

activities (Łącki 2014; Chhatre and Titchener-Hooker 2009; Micheletti and Lye 

2006; Wu and Zhou 2013). The selection of a development strategy that is 

scientifically sound and fit-for-purpose for the early stage of process development 

and the implementation of technological innovation can be instrumental in 

providing a competitive advantage.  
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The following paragraphs will highlight major topics in process research and the 

development of antibody-based molecules as the single most prominent class of 

biotherapeutics. The focus will be on the purification of antibodies with 

chromatographic processes which is the central experimental technique used in this 

thesis. Therefore, the introduction aims to establish a common framework for the 

approaches involved in bioprocess development in general and process 

chromatography in particular, leading on to topics concerning experimental 

optimisation methods, targeted at early stage process development for pre-clinical 

and early clinical biomanufacturing. Different development strategies will be 

presented and compared with regards to their characteristics and capacity to meet 

the different demands in bioprocess development. The scope and objectives of this 

thesis regarding the investigation of state-of-the-art experimental optimisation 

approaches for polishing chromatography are provided at the end of this chapter.  

1.2 Monoclonal antibodies and production processes 

For over thirty years the market for antibody-based drugs has increased steadily and 

to date monoclonal antibodies remain one of the fastest growing drug classes in the 

biopharmaceutical sector accounting for more than half of global annual sales of 

biotherapeutics at present (Carter and Lazar 2017; Walsh 2018). The most recent 

publication of the “Antibodies to watch” series (Kaplon and Reichert 2019) 

documents that over 80 monoclonal antibodies have entered the market since their 

first introduction, with 12 antibodies approved either in the EU or US in 2018.  

Monoclonal antibodies can be generated for a wide range of diseases and 

indications, e.g. cancer, inflammation and autoimmune disorders (Kaplon and 

Reichert 2019). Therapies benefit from their high target specificity and affinity in 

vivo which reduces the risk of side effects compared to their small molecule 

counterparts (Shukla et al. 2007; Gaughan 2016; Leader, Baca, and Golan 2008). 

Novel and improved antibodies and antibody formats hold great therapeutic 

potential given the variety of mechanisms in which they interact with the immune 

system, regulatory functions and in signalling pathways. With scientific and 
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technological advances in the field, the impact of these therapies is set to grow 

further (Carter and Lazar 2017; van Dijk and van de Winkel 2001; Walsh 2018). 

Antibodies of the IgG class are the most naturally abundant as well as the 

dominating format for therapeutic monoclonal antibodies at present (Walsh 2018). 

The molecules are formed of four polypeptide chains in a Y-shaped structure, 

composed of two heavy and two light chains which are linked via disulphide bonds 

(Figure 1-1). Each chain is folded into a constant and a variable region. The constant 

region provides the structural framework that defines membership to the 

immunoglobulin (Ig) class and the interaction with cells of the immune system. The 

variable region facilitates antigen binding specificity (Gaughan 2016).  

 

 

 

 

Figure 1-1. Schematic illustration of an IgG antibody. ‒ Y-shaped structure with two identical heavy 
and light chains, folded into constant and variable regions. Heavy and light chains are linked via 
disulphide bonds. Adapted from Jagschies (2018). 
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Antibodies and biotherapeutics in general are complex molecules that unlike small 

molecule drugs are not chemically synthesised. Instead, biological systems are used 

for their expression and production. Genetically engineered cells are the typical 

production host for monoclonal antibodies. These are usually derived from one 

single immune cell clone with specificity for a single epitope in which case the term 

monoclonal antibody (mAb) is used. Due to the complexity of these large molecules 

and inherent variability of biological systems, high levels of product homogeneity 

and purity are difficult to achieve. This means, the product specifications and 

manufacturing conditions need to be well characterised and controlled. Rigorous 

analytical testing is carried out to demonstrate compliance with strict regulatory 

guidelines.  

For the production of mAbs from mammalian cells, multi-step process trains 

including cell banking and cell culture, followed by product recovery and 

purification are employed to ensure the delivery of antibodies of high quality and 

safety. Early processes for biological therapeutics from the mid-1970s have 

advanced and matured substantially, and as a result process platforms for mAbs 

have become widely established (Koehler and Milstein 1975; Hagel, Jagschies, and 

Sofer 2008). The role of these platforms in the process development context will be 

discussed later (Section 1.4.2). An overview of the typical operations in a 

conventional mAb platform process is illustrated in Figure 1-2. For a review of 

mAb platforms and recent trends in the literature refer to Shukla and Thömmes 

(2010); and Thömmes and Etzel (2007), Liu et al. (2010), Gagnon (2012) and Li et 

al. (2017) for purification process trains. 
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Figure 1-2. A typical mAb platform process. ‒ Not shown are hold, buffer conditioning and 
intermediate filtration steps. 
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Bioprocesses as shown in Figure 1-2 are typically divided into upstream and 

downstream processing stages. The purpose of activities during upstream 

processing is to facilitate the production of the biomolecules. During upstream 

processing, bioreactors are used to control the growth conditions for the producing 

cells. Starting from the working cell bank, a seed train is used to increase the culture 

volume and cell mass to the final scale bioreactor in several steps. Downstream 

processing activities concern the primary recovery of the product from the cells, 

followed by isolation (capture) and purification of the product through sequential 

chromatography and membrane steps, typically referred to as unit operations. The 

aim during downstream processing is to reduce product related impurities, e.g. 

undesired product variants, aggregates, fragments, and process derived impurities 

such as host cell proteins (HCP), DNA, endotoxins, leached Protein A as well as 

process buffer and media supplements to acceptable levels (Shukla et al. 2007).  

To separate the product from the impurities, downstream unit operations exploit the 

physiochemical properties of the product such as charge and hydrophobicity, 

solubility and size, and biological affinity. For primary recovery this is typically 

achieved through centrifugation and/or filtration to remove cells and cellular debris. 

In mAb processing, product capture from the clarified cell culture supernatant is 

almost universally realised with Protein A chromatography. Due to the high affinity 

for the Fc region of IgG type antibodies, the product can be reversibly bound which 

results in a highly selective separation and large purification power typically 

achieving high product yields. The mAb product stream is further purified through 

additional chromatography steps applying different modes and separation 

mechanisms to clear remaining impurities, particularly HCP, higher and lower 

molecular weight species. For this purpose, ion-exchange chromatography is 

commonly used, although hydrophobic interaction chromatography, mixed mode 

chromatography or hydroxyapatite chromatography may also be possible. In 

addition, processes must demonstrate a dedicated virus clearance strategy 

employing two orthogonal techniques, typically combining low pH viral 

inactivation with virus removal filtration to ensure product safety from adventitious 
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and endogenous viruses. In the final steps, the purified product is concentrated and 

diafiltered for drug formulation.  

1.3 Chromatography development for mAb purification 

Chromatography is a core technique used for the downstream processing of 

antibodies, deployed for its purification power, high selectivity and efficiency 

(Hagel, Jagschies, and Sofer 2008). The term preparative chromatography is 

commonly used when performance metrics are expressed in terms of product 

recovery and productivity based on a defined purity target. This is to distinguish 

from the term analytical chromatography where the attention is on resolution and 

chromatography columns are typically underloaded. Although a very powerful 

purification technique, chromatography contributes significantly to the overall cost 

of the downstream process (Farid, Washbrook, and Titchener-Hooker 2005). To 

improve cost-efficiency, development activities aim to reduce the number of 

chromatography steps, select resins with high capacities and optimise operating 

conditions to increase throughput and productivity. However, the development of 

productive, fast and robust chromatography processes is a complex task. By 

combining different (orthogonal) separation principles in the process train, the 

purity of the product can be increased over multiple chromatography steps. As part 

of this process train, each chromatography cycle involves a sequence of steps for 

column equilibration, product binding and elution, and additional steps including 

wash, cleaning and regeneration of the column. For all these, key process 

parameters need to be identified, controlled and optimised to design processes that 

reliably and reproducibly remove impurities whilst providing maximum product 

recovery. Special requirements of the product may come into play such as chemical 

stability and degradation issues during processing or the presence of multiple 

product variants (Li et al. 2017). Guo and Carta (2015) further highlighted the 

potential for loss of active material resulting from on-column aggregation, 

precipitation or denaturation and discussed links with product concentration and 

prolonged hold times. A brief overview of common design factors for 
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chromatography processes, e.g. modes of operation, separation mechanisms and 

key operational parameters is presented in the following sections.  

1.3.1 Elution chromatography modes  

Elution chromatography is a key mode of operation which is used for the 

purification of mAbs at the polishing stage. In elution chromatography, a feed 

solution is applied to the column inlet and binds the column during the loading step. 

Components in the feed bind to the column with different affinity and as the feed 

travels across the column (stationary phase), driven by the convective flow of the 

mobile phase, separate into zones of the individual feed components. The 

components are desorbed or eluted from the column by changing the mobile phase 

composition through introduction of a competing agent (Hagel, Jagschies, and 

Sofer 2008). 

Elution can be achieved under isocratic, linear or step gradient conditions. For 

isocratic elution, the composition of the elution buffer remains unchanged. In 

comparison, the mobile phase composition changes continuously during linear 

gradient elution or rapidly by switching to a different mobile phase during step 

elution (Hagel, Jagschies, and Sofer 2008). Gradient elution is commonly applied 

with complex molecules, such as mAbs, to exploit broad ranges of adsorption 

strengths and enhance the separation of weakly bound and strongly retained 

components by adjusting the elution strength of the mobile phase gradually (Carta 

and Jungbauer 2010). Step gradients can be beneficial to reduce product pool 

volumes and increase the product concentration (Liu et al. 2010). Therefore, they 

may be the preferred choice where separations following a simple sequence of 

load – wash – elute achieve high selectivity (Carta and Jungbauer 2010). For 

difficult separations with low selectivity, linear elution gradients may be a good 

choice to improve resolution and enhance process robustness given a better level of 

control when the elution buffer composition is changed continually (Carta and 

Jungbauer 2010). 
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The optimisation of linear gradient elution is a multi-variable process which is 

influenced by, for example, mobile phase properties and rate of change (gradient 

slope), column length and flow velocity. One way to predict the impact of different 

process variables on product retention and resolution is the use of mathematical 

models (see Section 1.5). Some well-known models in linear gradient elution have 

been offered by Yamamoto and co-workers (Yamamoto 1995; Yamamoto and 

Ishihara 2000), Carta (1995) and others (for review, see Rathore and Velayudhan 

2002). 

Two modes of operation, bind-and-elute and flow through mode, are further 

distinguished depending on which feed components are targeted during loading. In 

flow through mode, conditions are chosen to bind the impurities to the resin whilst 

the product passes through the column and is collected at the outlet. An advantage 

of this mode of operation is that high loading capacities can be achieved since only 

the impurities bind to the resin (Liu et al. 2010). In bind-and-elute mode, the product 

is bound to the resin and separation of the product is facilitated by eluting the 

product under isocratic or gradient conditions.  

1.3.2 Separation mechanisms 

Chromatography methods traditionally found in mAb purification comprise affinity 

chromatography, ion-exchange (IEX) and hydrophobic interaction (HIC) 

chromatography (Singh and Herzer 2018). The properties of the sorbent, in 

particular the surface chemistry, determines the primary separation mechanism. 

Affinity chromatography is based on reversible interactions between the protein and 

a specific ligand which makes it the most selective type of chromatography in the 

bioprocess industry (Liu et al. 2010). A prominent example is Protein A 

chromatography which is used for the capture of mAbs (Figure 1-2). Compared to 

other traditional preparative chromatography resins, affinity resins are associated 

with high process costs (Zhao et al. 2019). 

IEX chromatography makes use of electrostatic interactions between the stationary 

phase and the product to separate proteins with different surface charges. In the 
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purification of mAbs it is a popular technique for the reduction of aggregates, 

charged variants, DNA and HCP with good selectivity and acceptable resin cost 

(Liu et al. 2010). IEX distinguished between anion-exchange (AIEX) 

chromatography where the stationary phase is functionalised with positively 

charged groups and cation-exchange (CIEX) chromatography where the stationary 

phase has negatively charged groups attached to the surface. In IEX 

chromatography, proteins are retained depending on the pH and ionic strength of 

the mobile phase. This takes into account the isoelectric point (pI) of the proteins 

to be separated. The net surface charge of a protein at its pI is zero and changes with 

the surrounding pH.   

AIEX chromatography is used in either flow through mode or bind-and-elute mode. 

The flow through mode is most frequently applied since most mAbs have a pI in 

the basic range (pI > 7.5) (Goyon et al. 2017) which facilitates the binding of acidic 

impurities, e.g. DNA and HCP, when operated at pH conditions below the pI. As 

the positively charged antibody remains in the mobile phase, high column loading 

capacities can be achieved (Liu et al. 2010). CIEX chromatography is typically 

operated in bind-and-elute mode where the antibody is bound at mildly acidic to 

neutral pH and low conductivity during loading and eluted by increasing the salt 

concentration (or increasing the pH) in the elution buffer (Liu et al. 2010). These 

conditions can be used to separate product related impurities, e.g. antibody variants 

and high molecular weight species. Negatively charged process related impurities, 

e.g. DNA and HCP, are typically removed during the loading and wash phase (Li 

et al. 2017; Liu et al. 2010). Binding capacities > 100 g/L may be achieved but may 

compromise resolution and result in increased contamination of the product pool 

(Liu et al. 2010). 

In HIC, proteins are separated based on their different degrees of surface 

hydrophobicity. Hydrophobic amino acids in the sequence of the protein’s primary 

structure (tryptophan, phenylalanine) can lead to hydrophobic patches which can 

be used to separate proteins with similar charge that cannot be sufficiently separated 

on IEX chromatography. To facilitate binding to a HIC resin, proteins are loaded at 
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high salt concentrations which reduce solvation of the protein and expose 

hydrophobic regions on the protein surface. A negative salt gradient is employed to 

elute the proteins in order of increasing hydrophobicity (Liu et al. 2010). This 

principle is of particular interest for the removal of aggregates which exhibit a 

greater degree of hydrophobicity than their monomeric forms.  

Separation mechanisms, for example IEX and HIC functionalities, can be combined 

to design dual-action resins. These resins are referred to as mixed mode (MM) 

resins. The advantage of MM resins is the increased operating range compared to 

IEX resins in terms of pH ranges and the increased tolerance for moderate to high 

salt buffers. However, their complex chemistry necessitates more involved 

optimisation to determine optimal operating conditions (Liu et al. 2010; Ulmer et 

al. 2019).  

1.3.3 Operational parameters 

Industrial preparative chromatography processes are developed with the goal to 

deliver high quality drug substance whilst maximising productivity. This has to 

consider the arrangement of multiple steps in the purification train, the selection of 

separation principles and dimensioning of the steps according to process volumes. 

For each of the steps, operating columns with high binding capacity and short cycle 

times whilst maximising recovery to a given purity target is highly desirable. To 

achieve these targets, the adoption of a highly selective resin is often the first step 

(Hagel, Jagschies, and Sofer 2008). Selectivity is an intrinsic property of the 

chromatography resin (stationary phase) and depends on its interaction with the 

components in the load material, as well as the composition of the mobile phase 

and the gradient slope. Selectivity has the largest contribution to resolution. 

Resolution describes the distance between two peaks divided by the mean of the 

peak widths and therefore informs about the degree of separation. It is a key 

parameter that impacts product recovery and purity. Whereas the distance between 

peaks is determined primarily by selectivity, peak width will vary with factors such 

as flow rate, particle size of the resin and retention time (Hagel, Jagschies, and Sofer 

2008). Binding capacity, that is, the mass of sample that can be adsorbed by the 
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resin (sample loading) before breakthrough occurs, is another important property in 

preparative chromatography. Several experimental parameters influence the 

dynamic binding capacity, for example concentration and type of sample, the 

operating conditions, flow rate and column dimensions. High loading near the 

capacity of the resin can lead to broader peaks and changes in the peak shape 

negatively affecting peak symmetry (tailing) and therefore resolution. A typical 

chromatography cycle comprises equilibration, load, wash and elution steps which 

determine the overall cycle time. To optimise cycle time, and therefore process 

throughput, all of these steps need to be optimised with respect to the highest 

possible sample loading, mobile phase conditions and operational parameters. The 

various ways in which these parameters can be changed and combined make the 

development of such processes a challenging and complex undertaking.   

1.4 Bioprocess development  

First and foremost, bioprocesses are developed to provide safe, stable and 

efficacious high-quality products that satisfy regulatory requirements. Whilst 

patient safety is the primary concern, the cost of manufacturing is becoming an 

increasingly important focus of process development activities, bringing other 

criteria into play to deliver processes that are commercially viable, such as speed of 

development and time needed before a candidate can enter clinical trials, 

productivity of the process, scalability and robustness (Łącki, Joseph, and Eriksson 

2018; Shukla et al. 2007). There are many potential obstacles the product and 

process need to surmount along their way. It is estimated that ~ 90 % of product 

candidates fail at the clinical development stage (Hay et al. 2014). To shift attrition 

to earlier stages, developability assessments have been proposed that evaluate drug 

candidates in terms of safety profile, pharmacology and biological activity to 

mitigate risk by anticipating potential challenges for their manufacture. Strategies 

for structured developability assessment have been presented by Xu et al. 2019; 

Zurdo et al. 2015; Zurdo 2013 and Insaidoo et al. 2015. 
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To transfer a product for pre-clinical and clinical testing, process development 

includes key activities summarised as chemistry, manufacturing and controls 

(CMC). These comprise a whole spectrum of activities ‒ from selection and 

development of a cell line and the production process, isolation of the product from 

the expression system followed by product purification, to the development of 

analytical assays for characterisation of the product and finally manufacture 

(Elgundi et al. 2017). Activities to deliver the final process are scientifically 

complex and often lengthy, with significant investments in both time and resource. 

To navigate this process, companies typically distinguish between early and late 

stage development as will be discussed below. The use of manufacturing platforms 

is presented as a concept that is widely applied in the production of mAbs to 

facilitate process development. Whether processes are developed based on 

platforms or from scratch, characteristics of the product and process have to be 

evaluated and a suitable process development strategy proposed based on heuristic 

information, experience and state-of-the-art development tools (Łącki, Joseph, and 

Eriksson 2018). The availability of high-throughput experimentation along with 

scale-down technologies are shaping process development today, and these tools 

will be highlighted at the end of this section. 

1.4.1 Early and late stage development  

In the biopharmaceutical industry, process development activities are broadly 

divided into early and late stage activities. The focus of early activities lies on 

determining a process that is suitable to supply sufficient material of appropriate 

quality for testing in pre-clinical (toxicology) and Phase I/II clinical studies (Cevc 

2014). Tight timelines for early stage development coupled with the need for rapid 

delivery to clinic, and limited availability of feed materials often restricts extensive 

development activities. Whereas a first iteration of the process to meet the initial 

product quality specifications is typically developed for pre-clinical material 

supply, the process should demonstrate the potential for scale-up and consider 

constraints at final commercial scale manufacturing as it progresses through the 

early clinical phases (Łącki, Joseph, and Eriksson 2018). At the early stage, the 
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resulting process may therefore be non-optimal with regards to process economics 

and productivity.  

Only when early clinical results (up to Phase II) of the candidate drug are promising, 

showing sufficient safety and efficacy, will further attention be paid to optimising 

the process (Liu et al. 2010; Chhatre and Titchener-Hooker 2009). Optimisation 

activities during the late development stage will define those processes used to 

manufacture Phase III supplies along with launch stocks of product (Kelley, Blank, 

and Lee 2008). Optimisation is carried out to increase yield and productivity of 

chromatography operations while reducing process cost and potentially the number 

of steps. Higher resin capacities, improved buffer handling (e.g. in-line 

conditioning and dilution) and reduction of manual steps may be included in the 

investigations (Liu et al. 2010).  

Once the final manufacturing process has been defined and prior to large scale 

process qualification (Phase III to commercial supply), the focus shifts from 

optimisation towards process characterisation to generate detailed process 

understanding and demonstrate process robustness. The overall goal is to achieve a 

control strategy for key and critical process parameters that within the defined 

operating ranges reproducibly delivers product which satisfies the requirements for 

quality, efficacy and safety (Kelley, Blank, and Lee 2008). To demonstrate 

understanding of the process and product quality attributes, a combination of data 

from a large number of development batches, analytical tools and statistical 

methodology are required. Ultimately, successful process characterisation leads to 

validation and approval (Marichal-Gallardo and Alvarez 2012; Hagel, Jagschies, 

and Sofer 2008; Jiang et al. 2010).  

With the introduction of Quality-by-Design (QbD), regulatory bodies are 

encouraging the adoption of a systematic approach to process development, 

emphasising the importance and value of deeper process knowledge and 

understanding from the early stage of process development through to the late stage 

(Chhatre, Farid, et al. 2011). The expectation is that quality is built into the process 

by using a scientifically sound approach and appropriate risk management tools 



Chapter 1 ‒ Introduction   37 
 

(Łącki, Joseph, and Eriksson 2018). This involves the identification of critical 

process parameters and their relationship with critical product quality attributes. 

Processes are specifically designed to control and deliver against these product 

attributes to ensure the product achieves the required safety and efficacy profile.  

The adoption of QbD principles has a wider reaching impact on the process, e.g. 

processes benefit from a robust control strategy with more consistent process 

outputs and by differentiating between critical and non-critical process parameters, 

more flexible or wider operating ranges may be defined (Rathore 2016). To be 

effective, the control strategy must be validated which in turn encourages the 

implementation of more elaborate and novel real-time process and product quality 

monitoring system, facilitated by process analytical technologies (Read et al. 2010). 

Therefore, the foundations of QbD may be viewed as a motivation for more 

integrated and holistic process development targeted at product quality and design 

(Rantanen and Khinast 2015).  
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1.4.2 Role of process platforms 

The high prevalence of mAbs as therapeutic agents in past and present development 

pipelines, as outlined in Section 1.2, has given rise to the development of platform 

processes. Platforms are typically defined for product categories or classes of 

molecules with similar structure and biochemistry (Li et al. 2017; Nfor et al. 2009). 

The mAb platform process as presented in Figure 1-2 has evolved from years of 

experience and knowledge of developing mAb processes to provide a common 

framework that includes unit operations and process sequences, details of preferred 

materials (e.g. chromatography resins, buffers), standard process parameter ranges 

and process output targets (e.g. purity and yield targets per process step). In most 

cases, platforms will not be able to serve as a generic solution for the particular 

product class, however, they can provide guidance during development where 

process conditions will be adjusted to account for the variability within the product 

class (Kelley, Blank, and Lee 2008; Shukla and Thömmes 2010). Rather than 

developing a de novo process, platform processes limit the experimental studies 

required to arrive at conditions for the production of a new product which is seen 

as a main advantage to shorten development timelines and time to clinic (Shukla 

and Thömmes 2010). Furthermore, adopting a common strategy allows processes 

to be harmonised. This also means activities and expectations from different 

functions, e.g. process development, quality and analytical groups and even across 

different sites can be aligned and leveraged more easily. This may include preferred 

raw materials, streamlined process templates and documentation, simplified 

technical transfer to manufacturing and improved fit with existing infrastructures 

and equipment used at plant (Kelley, Blank, and Lee 2008).  

Despite these clear advantages, limiting the options for unit operations, raw 

materials and control strategies can increase pressure on process development 

scientists to conform with the platform which can lead to companies adopting a 

risk-averse attitude and becoming conservative to change (Kelley, Blank, and Lee 

2008). Moreover, if experimental studies are reduced to consider only a small 

subset of conditions, this may ultimately lead to sub-optimal processes. As 

processes evolve, platforms may no longer be fit-for-purpose. Increases in upstream 
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titres for example can pose challenges with regards to higher elution volumes and 

longer hold times. In addition, pre-existing equipment in facilities used for more 

traditional processes may no longer be appropriately sized (Li et al. 2017). 

Companies are aware of these limitations and as process trends change, so do 

platforms. Changes are proposed based on accumulated knowledge and careful 

evaluation before they are introduced following controlled procedures and internal 

review (personal communication with industrial collaborator). This ensures that 

better technologies with a clear business advantage are implemented and managed 

appropriately (Kelley, Blank, and Lee 2008). 

The platform approach is challenged by two trends (Nfor et al. 2009): firstly, the 

expiry of patents means there is an increased business need for economic and cost-

efficient processes for which the platform may not be the best choice; secondly, a 

diversification of molecules means that existing platforms may not be compatible. 

This has prompted companies to investigate more generally applicable, systematic 

approaches for process development, some of which will be highlighted in 

Section 1.5, along with the use of innovative high-throughput technologies 

facilitating scale-down and automation.  

1.4.3 Micro-scale high-throughput technologies 

Traditionally, early stage process development relies on laboratory-scale 

experiments to investigate the parameter space. In chromatography development, 

this involves scouting for resins, testing different buffer conditions, elution volumes 

and dynamic binding capacities using typical laboratory-scale columns of 1 to 

10 mL volume. This approach is time-consuming and requires material of up to 

gram or litre quantities. To accelerate early stage development and facilitate the 

transition to later stages, novel tools to support development activities using micro-

scale experiments in high-throughput (HTP) mode are of  increasing  interest (Łącki 

2014; Pollard, McDonald, and Hesslein 2016). These methods use small quantities 

in the microlitre to millilitre scale and are conducted with a high degree of 

automation by incorporating liquid handling platforms and parallel 

experimentation. In addition to using smaller sample quantities, advantages of these 
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technologies lie in accelerated experimentation and less operator interaction which 

enable the wider evaluation of process options and potential operating conditions, 

creating opportunities to gather larger volumes of process data in less time and with 

less resource. This allows more process insight to be gained early on in the 

development cycle, offering a potential to inform and impact later stages of process 

development (Micheletti and Lye 2006; Chhatre and Titchener-Hooker 2009; Wu 

and Zhou 2013). From a QbD perspective, regulatory bodies therefore suggest the 

adoption of HTP process development from the early stage in order to address 

potential manufacturing issues earlier and better de-risk processes before moving 

to pre-clinical and clinical phases (Zurdo 2013) (Łącki 2014). 

In the area of chromatography development, three main formats for HTP 

applications have gained popularity: microtitre filter plates filled with resin for 

batch uptake experiments, resin-filled micro-pipette tips and miniature 

chromatography columns (RoboColumns). The different formats may be applied at 

different stages of development. At the early stage, filter plates and micro-pipette 

tips are often used for resin screening and to test large parameter ranges, whereas 

more detailed characterisation and optimisation for selected smaller parameter 

ranges is preferably, and in some cases necessarily, conducted using miniature 

columns or conventional laboratory-scale columns (Łącki 2014). The different 

formats have been reviewed by Chhatre and Titchener-Hooker (2009) and Łącki 

(2012). The concepts of the formats are briefly described below, although the focus 

is on the miniature column format which is used in this thesis. 

Batch uptake experiments with microtitre filter plates 

Filter plates can be used for batch adsorption experiments at micro-scale and are 

readily employed with HTP liquid handling stations to evaluate various conditions 

in parallel using a 96-well format (Chhatre, Bracewell, and Titchener-Hooker 

2009). The filter plates are filled with a defined volume of resin mixed with sample 

to test different conditions for resin type and volume, feed and buffer conditions. 

For the experiments, the sample is kept in suspension with the resin and following 

a defined incubation time the supernatant is collected in a separate plate using 
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vacuum filtration. Each of the chromatography stages (equilibration, loading, 

elution etc.) are performed separately using the same filter plate. Compared to 

packed-bed column chromatography, the separation using batch experiments is 

based only on a single stage equilibrium (single theoretical plate separation) which 

can be used to inform about the performance in terms of binding capacities, 

recovery and selectivity for the selected combinations of operational parameters 

and materials. However, the level of impurity resolution achieved and therefore 

quantitative interpretation of the results may be difficult (Keller et al. 2015; Welsh 

et al. 2014). In the literature batch systems have been used for a wide range of 

applications including the measurement of thermodynamic and kinetic parameters 

for equilibrium adsorption (Kelley, Tobler, et al. 2008; Łącki 2012; Traylor et al. 

2014), the characterisation of liquid handling systems (Coffman, Kramarczyk, and 

Kelley 2008), the evaluation of binding capacities (Bergander et al. 2008; Carta 

2012) and to optimise the separation of different resins and mobile phases for the 

purification of mAbs (Wensel, Kelley, and Coffman 2008; Kramarczyk, Kelley, 

and Coffman 2008; Kelley, Switzer, et al. 2008). 

Micro-tip chromatography 

Micro-tip chromatography uses pipette tips with resin packed into the bottom of the 

tip. The feed and mobile phase are brought in contact with the resin by pipetting 

sample from a well plate up and down in repeated aspirate and dispense cycles until 

the total residence time is achieved (Łącki 2012). Steps in the chromatography cycle 

such as equilibration, loading and elution are carried out sequentially and collected 

in different wells. As with the batch filter plate format, each of the steps corresponds 

only to a single stage equilibrium. Whilst batch incubation is based on static mixing 

of the resin, the micro-tip format enables convective flow through the resin. The 

packing pattern in the tips and the bidirectional flow are however different from the 

unidirectional plug flow that is established in conventional column chromatography 

(Łącki 2012; Welsh et al. 2014). Although this limits the direct translation of results 

for laboratory-scale packed columns, micro-tips can be used to indicate trends for 

capacity, yield and purity (Chhatre, Bracewell, and Titchener-Hooker 2009).  
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Miniature column chromatography 

Miniature columns are a popular scale-down model for process development 

(Keller et al. 2015). These columns are typically used in column volumes of 200 μL 

and 600 μL (1 cm and 3 cm bed height), operated in parallel, typically eight 

columns at a time, on automated liquid handling stations to increase throughput. 

The mobile phase and sample volumes are applied through fixed pipette tips which 

are inserted into a special needle adapter to seal the column and prevent leakage. 

Larger volumes require repeated needle injections and multiple dispense cycles. As 

with laboratory-scale columns, this produces a unidirectional albeit intermittent 

hydrodynamic flow (Keller et al. 2015).  

In comparison to the two previous formats, miniature columns are the most 

representative for packed-bed laboratory-scale columns, although differences exist 

in terms of geometry and operational characteristics. Differences in aspect ratio for 

example have been found to result in 8 to 20 fold lower flow velocities for a given 

residence time (Petroff et al. 2016). Other properties such as flow distribution and 

quality of packing have been studied in the literature (McCue et al. 2007; Teeters 

et al. 2008). Even though miniature columns resemble larger scale columns, as a 

scale-down model they can only approximate the phenomena that occur at larger 

scale (Chhatre, Bracewell, and Titchener-Hooker 2009). As a minimum, however, 

a scale-down model can deliver qualitative trends for predictions at scale which can 

be used to narrow down operating conditions for verification and further 

optimisation with conventional column experiments. The predictions may be 

improved through application of appropriate empirical correlations, mathematical 

modelling and engineering understanding (Osberghaus, Drechsel, et al. 2012; 

Susanto et al. 2009). Awareness of the differences and appropriate qualification 

have been demonstrated to enhance the successful application of miniature columns 

to optimise chromatography development (Kiesewetter et al. 2016; Treier et al. 

2012; Welsh et al. 2014). A more detailed review of practical applications using 

miniature columns in process development and for predictive simulations will be 

given in Chapter 6 to provide a context for the head-to-head comparison of micro- 

and laboratory-scale chromatography conducted in this research.  
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1.5 Bioprocess optimisation 

In bioprocess engineering, once a suitable process has been identified, optimisation 

is an important next step in process development. A process can be described as a 

system with a number of input variables (operational parameters, factors) and 

multiple output variables (objective functions, responses). Process optimisation 

tries to adjust those input variables in order to find the best outcome among several 

competing outputs (Schwefel 1995). Optimisation approaches can be classified as 

heuristic, experimental or mathematical (model-based), as reviewed by Guiochon 

and Beaver (2011) and Baumann and Hubbuch (2017).  

The heuristic approach draws on acquired experience and rules-of-thumb to guide 

process development and support the design of initial experimental studies. Process 

expertise may be captured in expert systems which have been studied extensively 

by Asenjo and co-workers (Asenjo and Andrews 2004; Leser and Asenjo 1992; 

Leser, Lienqueo, and Asenjo 1996; Lienqueo and Asenjo 2000; Lienqueo, Leser, 

and Asenjo 1996; Lienqueo, Salgado, and Asenjo 1999; Rodrigues et al. 1997). One 

example of such an expert system is described to contain “around 600 logical rules, 

methods, and structures of classes and objects that emulate the expert’s reasoning” 

to rationalise the synthesis of the most suited sequence of purification steps based 

on physicochemical properties of the product stream (Leser, Lienqueo, and Asenjo 

1996). Common heuristic rules for the purification of proteins recommend the use 

of orthogonal separation techniques, prioritise the removal of impurities at highest 

concentrations first and suggest a high-resolution method to be used as early as 

possible in the process sequence (Leser and Asenjo 1992). Another prominent 

example for the application of heuristics in process development is the concept of 

platform processes which have been discussed in Section 1.4.2. As noted by Hagel, 

Jagschies, and Sofer (2008) in the “Handbook of Process Chromatography”, 

heuristics are an efficient means to reduce the number of potential process options 

and to narrow the scope of experiments and therefore some heuristic element will 

be found in most process development workflows. For products and processes 

where experience and knowledge are limited or absent, for example for classes of 
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products with novel or highly complex characteristics, an approach based only on 

heuristics is unlikely to deliver a high-performing process. To enhance process 

development and optimisation, experimental and/or mathematical optimisation 

approaches may be employed.  

Experimental methods are used when the functional relationship between the inputs 

and the objective function is unknown or not fully understood, or the description of 

this relationship would be too costly to determine in terms of experimental efforts. 

Particularly in the area of bioprocessing, this cost is magnified by the fact that 

detailed process information is often limited due to intrinsic biological variability, 

experimental error and sparse analytical information (Velayudhan 2014). Despite 

advances in micro-scale and HTP technologies which have led to significant 

material and time savings, facilitating the investigation of much wider process 

ranges (see Section 1.4.3), a structured experimental approach that attempts to 

evaluate all possible process states and parameter combinations is not feasible and, 

in many cases, impossible. Experimental approaches, commonly adopted, aim to 

systematically plan and execute experiments to generate high quality process 

insight and facilitate the prediction of optimal process conditions (Hagel, Jagschies, 

and Sofer 2008). For such a systematic investigation of the experimental space, 

statistical Design of Experiments or “DoE” is commonly used for the development 

and optimisation of bioprocesses (Hibbert 2012). Although less common in the 

field, the simplex method is another tool that can be used for experimental 

optimisation. It is rooted in evolutionary operation (EVOP) which was first 

proposed by Box (1957) for routine optimisation and continuous improvement 

projects in the process industry based on sequential factorial DoE type designs and 

statistical analysis. The approach builds upon process evolution as the central idea, 

i.e. small changes are employed and repeated to identify better process conditions. 

EVOP led the way to modifications resulting in the development of what is known 

as the simplex method which is based on heuristic rules rather than statistical 

modelling as in the case of EVOP (Rutten, De Baerdemaeker, and De Ketelaere 

2014; Spendley, Hext, and Himsworth 1962). DoE and the simplex method will be 

discussed in more detail in Sections 1.6 and 1.7. 
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Mathematical optimisation is based on a process model, which is used to 

approximate the functional relationship between the input variables and the outputs. 

This information can be derived from empirical correlations, kinetics, mass and 

energy balances or thermodynamic principles. These mathematical models can be 

broadly categorised as either empirical or mechanistic. Empirical models try to link 

experimental conditions to their known outputs over a defined range of parameters 

using simple mathematical relationships (Velayudhan 2014). Since they are not 

based on any underlying fundamental principles or knowledge of the process, they 

are also referred to as black box models. Response surface modelling (RSM) is one 

example of an empirical modelling technique that has widespread use in the 

bioprocessing field and is commonly used as part of a DoE strategy (Hibbert 2012; 

Kumar, Bhalla, and Rathore 2014). It involves building regression models that fit 

the experimental data, for example generated under defined conditions following 

DoE experimental plans. The relationships between the data inputs and responses 

are statistically derived and can be visualised as response surfaces to deduce 

information about the system. Mechanistic models try to describe a process or 

sequence of process steps based on theoretical understanding of the underlying 

mechanisms and physical processes that are observed in a system, however, as with 

empirical models they rely on experimental data for calibration to formulate the 

model and for validation. Model validation plays a crucial role in any modelling 

task since only a model that adequately represents the system in practise will enable 

a meaningful selection of optimal process conditions. In some instances where it is 

difficult to build models solely on first principles, they may be combined with 

empirical models to substitute some complex elements; such models are referred to 

as hybrid models (Velayudhan 2014).  

1.6 Design of Experiments 

The DoE approach employs statistical methodology to systematically design, 

structure and plan multifactorial experiments in order to maximise the information 

that can be obtained from them (Hibbert 2012). The advantage of this approach is 

that it allows the study of the relationships between the inputs (factors) and outputs 
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(responses) of an experimental system, as long as these can be measured and 

quantified. Therefore, it can provide information about the importance of factors 

and how they may be changed to improve the system’s responses. Experiments 

designed on the basis of DoE aim to achieve strategic coverage of the experimental 

space to facilitate empirical model building. The experimental data is fitted to 

empirical functions, more specifically, polynomial models of the factors. Typical 

examples of these models given two factors �� and ��, and a response � are as 

follows (Lundstedt et al. 1998): 

– first order model  

� =  !" + !��� + !��� + $%&'()*+  [1-1] 

– second order interaction model  

� =  !" + !��� + !��� + !������ + $%&'()*+  [1-2] 

– second order model including interaction and quadratic terms 

� =  !" + !��� + !��� + !������ + !����� + !����� + $%&'()*+ 
 [1-3] 

As with any model, these are an approximation rather than an exact description of 

the underlying processes. The parameters ! in the model are determined in such a 

way that the response is best described by the model, that is, the difference between 

the observations and the model (residual) is minimised. To estimate the parameters 

that best fit the model, least squares regression is commonly used as part of a DoE 

workflow. If the approximation is sufficiently good, the model can be used to 

predict and locate an optimum region. Different types of designs can be chosen 

depending on the nature of the experiments (such as constraints in terms of time 

and material, ethical considerations for in vivo studies etc.), purpose of the study 

(screening, optimisation, robustness) and the number of responses, factors and 

applied factor ranges. For further study of the DoE methodology the books by Box, 

Hunter, and Hunter (2005) and Montgomery (2006) can be recommended.  
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A typical DoE workflow can be broken down into three stages (Lundstedt et al. 

1998) (Hibbert 2012). Initially, a screening is carried out to investigate which of 

factors that are believed to contribute to the response have a significant impact. The 

number of factors and type of screening design will determine the overall number 

of experiments. As a result, it may be useful to consider how the factors are defined, 

e.g. the length and endpoint of the elution gradient in chromatography may be 

sufficiently represented by one single variable as the gradient slope. It is good 

practice to include all important factors in the initial design, since adding factors at 

a later stage that were originally thought to have a negligible impact will be less 

economical. Factors considered to have no impact are kept at constant and practical 

settings during the experiments. For factors to be included in the design, factor 

levels or set-points need to be defined. These are selected to provide good coverage 

of the experimental space, e.g. variable ranges should neither be too small nor too 

large, be of practical value to deliver useful information, and ideally, they should 

include the optimum. At the screening stage, factorial designs are commonly used. 

Full factorial designs (Figure 1-3) test all possible combinations of factor levels 

which enables the investigation of main effects and interaction terms between 

factors. As the number of experiments increases with 2-, for . number of factors, 

in a full factorial design, fractional factorial designs can be employed to reduce the 

overall number of experiments to be practically feasible. These designs use a subset 

of all possible factor combinations through pre-defined rules. As not all factor 

combinations are investigated, confounding of model terms result, and this means 

that the models may be limited to the study of main effects, or that interactions can 

only be assigned with expert knowledge of the system under investigation. Centre 

points are typically included and replicated at average factor levels to estimate pure 

error and to test for the presence of curvature.   

During the subsequent optimisation stage the identified significant factors are 

studied over smaller ranges to find optimum conditions. Central composite designs 

are a popular choice for optimisation (Figure 1-3). These designs are typically based 

on a full factorial design with centre points and axial points. In circumscribed 

designs, the factorial and axial points lie equidistant from the centre. Axial points 
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can also be defined on the faces of the factorial design or inside the factorial design. 

By adding a third factor level at the axial points these designs can inform on non-

linear relationships and extrema which can be visualised as response surfaces. 

Another type of design, D-optimal (determinant-optimal) designs (Figure 1-3), shall 

be mentioned here since they are referenced during the discussions of Chapter 4. 

These designs may be used when the factor space is not uniformly accessible, as a 

result of practical or physical limitations of the experimental space, or where the 

number of experiments needs to be defined in advance (de Aguiar et al. 1995). The 

D-optimal algorithm is employed to calculate the optimum distribution of design 

points to estimate a given model based on a user-defined number of experimental 

runs. 

Robustness testing is an important last step towards process validation. Designs to 

test for robustness consider small deviations in experimental conditions and their 

influence on the main outputs. Since the response is not expected to change 

significantly throughout a robust operating region, interaction terms and non-linear 

effects are typically disregarded in robustness designs.  

 

 

Figure 1-3. Examples of DoE designs for two factors. – a) Full factorial design at two levels, 
b) Circumscribed central composite design at three levels, c) D-Optimal design. Centre points have 
been omitted. 
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1.7 Simplex method 

The simplex is an iterative data-driven optimisation method that works in the 

absence of a process model and without the need for statistical analysis (Deming 

1985). Originally developed for the numerical optimisation of functions by 

Spendley, Hext, and Himsworth (1962) and later advanced by Nelder and Mead 

(1965), the independence of the simplex method from a model, be it empirical or 

mechanistic, makes it well-suited for optimisation based solely on experimental 

data. The attractiveness of the simplex as an experimental optimisation method is 

completely independent of its application for numerical optimisation.  

The simplex algorithm searches experimental spaces using information from the 

immediately preceding runs to navigate towards promising regions and find 

superior operating conditions. Particularly at the very early stages of process 

development, where little process information is available and the experimental cost 

needs to be kept low, the inherent ability of the simplex algorithm to focus 

laboratory efforts on the investigation of such promising regions in the experimental 

space is of particular interest. This will be explored in three case studies throughout 

this work.  

In the input variable space, the simplex is defined as a geometric figure, a polygon, 

whose number of corner points or vertexes is one more than the number of inputs. 

For two dimensions of the inputs, the geometric figure describes a triangle and in 

three dimensions the simplex takes the shape of a triangular pyramid. Combinations 

of the input variables form the corners of the simplex which are assigned a 

performance value with regards to the optimisation objective. In the original 

simplex method proposed by Spendley et al. (1962), the simplex moves through the 

experimental space by reflecting the vertex with the worst output through the 

average of the remaining vertexes, thereby replacing only the rejected vertex in the 

newly formed simplex. This procedure is repeated for all subsequent search steps 

during which the size of the simplex remains fixed. Nelder and Mead (1965) 

suggested a modified variable-size version of the original simplex method which 

introduced additional manipulations, e.g. expansion and contraction, allowing the 
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simplex to adjust its size dynamically within the response surface and move more 

rapidly through the experimental space.  

The simplex algorithm used in this thesis is based on the variable-size Nelder-Mead 

method and the implementation is described in Section 2.8.3. Specific details 

surrounding the selection of experimental inputs and optimisation objectives as well 

as graphical illustrations of the simplex output will be presented and discussed in 

the results chapters associated with the case studies. The detailed procedures and 

rules for the application of the simplex are comprehensively laid out in “Sequential 

simplex optimisation” (Walters et al. 1991). Recommendations and best practice on 

how to choose the variables, initialise the simplex, as well as instructions on how 

to handle multiple responses are also available in the literature (Spendley, Hext, and 

Himsworth 1962; Nelder and Mead 1965; Morgan, Burton, and Nickless 1990; 

Walters et al. 1991; Burton and Nickless 1987).  

1.7.1 Simplex examples in the literature 

Examples of the simplex method, with a focus on experimental optimisation for 

biopharmaceutical applications, are rather limited. These have demonstrated the 

suitability of the methodology for the optimisation of culture conditions in yeast 

fermentation (Viader-Salvadó et al. 2013; Tinoi, Rakariyatham, and Deming 2005) 

or to improve the media composition in mouse embryo culture (Lawitts and Biggers 

1991). In analytical development for biomolecules, the simplex method has been 

applied to optimise capillary electrophoresis (Catai and Carrilho 2003) and in 

downstream processing, simplex methods have been used to determine favourable 

operating conditions for the precipitation of proteins (Selber et al. 2000; Wu and 

Zhou 2013).  

Recently, several case studies have investigated the Nelder-Mead simplex method 

and refined versions of it, as an alternative experimental route to DoE-based 

approaches, for identifying favourable operating conditions at the early stage of 

downstream process development. The presented experimental systems span 

applications in protein precipitation and refolding as well as chromatography-based 



Chapter 1 ‒ Introduction   51 
 

separations of antibodies and other proteins (Chhatre, Konstantinidis, et al. 2011; 

Konstantinidis et al. 2012; Konstantinidis et al. 2016; Konstantinidis, Titchener-

Hooker, and Velayudhan 2017; Konstantinidis et al. 2018). Studies were conducted 

employing high-throughout experimentation using mainly filter plates for batch 

binding and in some cases micro-tip and miniature column chromatography.  

In two initial case studies (Chhatre, Konstantinidis, et al. 2011), the performance of 

the Nelder-Mead simplex was compared to a standard DoE approach employing 

central composite designs for response surface modelling. The DoE designs initially 

delivered poorly fitting models which required further experiments to characterise 

feasible and robust regions in the experimental space. Whilst the augmented DoE 

strategy delivered optimal operating regions and increased insight into process 

robustness, the simplex method yielded suitable operating conditions in half the 

number or less experiments. 

Konstantinidis et al. (2012) proposed a refined version of the Nelder-Mead simplex 

method which is compatible with coarse uniform grids of conditions, similar to 

those obtained from multiple or “high” level factorial designs; this variant was later 

extended to accept non-uniform grids (Konstantinidis et al. 2016). In these case 

studies, the grid-compatible simplex was deployed retrospectively to determine 

optimal conditions in the grid for which experimental data at each of the grid points 

had already been generated and evaluated through brute force. Therefore, detailed 

knowledge of the experimental spaces was available, e.g. information about trends, 

local and global optima in the response surface, which facilitated the in-depth 

assessment of the simplex method and its performance. The gridded data was used 

to simulate simplex searches, following the intended iterative workflow. 

Furthermore, the experimental data was regressed to build response surface models 

as part of a routine DoE workflow (typically second order models), as well as higher 

order models to increase model fidelity in the presence of highly complex non-

linear trends in the data. In the case of such strong non-linear trends and multiple 

optima, the simplex performed equally well or better compared to higher order DoE 

models at similar experimental costs, as presented by Konstantinidis et al. (2012). 
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Similarly, Konstantinidis et al. (2016) found that the quadratic and higher order 

models were only of limited use as point predictors, suggesting operating conditions 

that were sub-optimal whereas the grid-compatible simplex method frequently and 

effectively located the global, or at least a local optimum. 

The grid-compatible simplex method by Konstantinidis et al. (2012 and 2016) was 

further demonstrated to work successfully with numerical and categorical inputs by 

assigning dummy variables (binary values) where more than two categorical inputs 

were included in the optimisation (Konstantinidis, Titchener-Hooker, and 

Velayudhan 2017). Conversely, D-Optimal designs, capable of handling numerical 

as well as categorical inputs did not sufficiently capture the data trends in the 

presented case studies and failed to accurately indicate optimal regions.  

In the most recent publication (Konstantinidis et al. 2018), the grid-compatible 

simplex method was evaluated for multi-objective optimisation employing a 

desirability approach. The approach accounted for quantities to be minimised or 

maximised, assigned upper and lower boundaries and weights to the individual 

response outputs and combined them into one scalar value of the total desirability. 

Together with the experimental inputs, the specification of these weights was 

included in the simplex optimisation, performed on the experimental data grid. The 

simplex approach was shown to rapidly return operating conditions among the 

possible optima (Pareto set) that produced a balanced desirable performance across 

all outputs. For comparison, a DoE approach employing fourth order models was 

evaluated considering a large number of weights, which given the highly complex 

trends in the outputs, had low success in identifying optimal conditions.  

Through the collection of case studies, the authors demonstrate the suitability of the 

grid-compatible simplex variant for applications in downstream processing 

involving multiple inputs and multiple outputs for experimental systems of high 

complexity and with strong non-linear trends. The grid-compatible simplex is 

presented as an attractive approach in early-stage bioprocess development where it 

can be employed to guide the identification of an operational sweet spot and 

facilitate planning of follow-up optimisation and characterisation studies.  
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1.7.2 Simplex versus DoE 

The applicability and benefits of DoE and simplex methods are partly 

controversially discussed in the literature (Hibbert 2012). Central points of the 

arguments revolve around the capability to find optimal conditions, resources and 

experimental effort. They also touch upon the ease with which the methods are 

implemented and their potential integration with automation technologies. These 

arguments  are summarised in Table 1.1 focussing on early stage development in 

bioprocessing (Chhatre, Konstantinidis, et al. 2011; Deming 1985; Hibbert 2012; 

Konstantinidis et al. 2012; Wu and Zhou 2013).  

As can be noted from Table 1.1, the main distinguishing factors when comparing 

DoE and simplex based methods, stem from the definition of the search space and 

the related experimental effort to effectively investigate this space. The strength of 

DoE is that knowledge of the process and potential interaction effects can be 

gathered from statistical analysis. However, it is a rigid approach and experiments 

need to be defined in advance. In contrast, simplex methods are flexible, allowing 

engagement through manipulations like pauses and termination, changing the 

number of variables and the search space. They are adaptable to the varying needs 

of early development studies.  

Table 1.1. Performance criteria of DoE and simplex based methods for process optimisation. 

 Optimisation DoE Simplex 

Ability to find 
optimal 
conditions 

Optimisation based on fixed grid of 
data points1 
 
Finding optimum conditions not 
guaranteed (tested factor ranges are 
sub-optimal)2,3 
 
Response surface models1,2: 

• Provide maximum level of 
process information  

• High likelihood to locate global 
optimum in test window 

• Risk global optimum is missed  

No predefined grid of experimental 
conditions, wider search space 
possible 
 
Guarantees improvement of process 
outcome by locating preferred 
operating regions1 
 
Risk to fail finding the global 
optimum if multiple optima are 
present1 
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Table 1.1. Continued. 

 Optimisation DoE Simplex 

Experimental 
effort 
 

Number of experiments defined by 
choice of design2, e.g. number of 
experiments for full factorial design 
equals 2k (k – number of variables) 
 
For poorly fitted models, additional 
experiments or new design required 
to deliver a more suitable regression 
model3 

 
Highly informative RSM often 
require more detailed investigation1 

Comparatively small number of 
experiments2-5: k+1 test conditions 
to initialise the method, one or two 
additional experiments in every 
subsequent move 
 
 

 

Implementation 
 

Relies on regression models and 
statistical analysis tools 
 
Number of experiments known 
upfront, liquid handling systems can 
be set up to run full sets of 
experiments6 

Easy arithmetic and decision-
making rules, independent of 
underlying models or statistical 
analysis 
 
Well suited to automation tasks 
controlled by a feedback algorithm5 

Referenced literature: 1 - Konstantinidis et al. (2012); 2 - Deming (1985); 3 - Chhatre, 
Konstantinidis, et al. (2011); 4 - Lagarias et al. (1998); 5 - Wu and Zhou (2013); 6 - Hibbert (2012). 

1.8 Thesis overview 

1.8.1 Thesis aim 

This research project aims to investigate and demonstrate methodologies that 

facilitate rapid process optimisation suitable for the early stage of bioprocess 

development. Emphasis of the studies will be on the application of the Nelder-Mead 

simplex algorithm as an experimental model-free optimisation method, applied 

specifically to the field of polishing chromatography. The suitability and 

performance of the simplex in practice and conceptually will be assessed against its 

attributes of being a dynamic, adaptable and efficient optimisation method and the 

compatibility of the simplex with other modelling tools and HTP workflows will 

be evaluated. 
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Chromatography constitutes a key step in the purification of biopharmaceutical 

products. The development of these process steps are typically multi-variate and 

multi-objective optimisation problems with various trade-offs, commonly 

involving product purity, mass recovery and overall process productivity. In 

experimental case studies with pharmaceutically relevant antibodies the optimal 

input parameter settings for loading and the elution conditions (e.g. pH, gradient 

shape) will be investigated. In addition, strategies to deal with these complex 

optimisation problems will be presented and trade-offs visualised and discussed. 

The knowledge acquired from the studies will help to portray the variety and high 

variability of therapeutic antibodies and highlight some interesting features that 

might be relevant to similar separations. Moreover, a wider understanding of the 

available optimisation tools and their strengths can enable us to effectively develop 

processes at the early stage.   

1.8.2 Thesis scope 

The thesis is organised along three bind-and-elute CIEX chromatography case 

studies and a dedicated chapter devoted to the identification of appropriate 

feedstocks. The feed selection is an important part in designing relevant and 

interesting case studies. Therefore, Chapter 3 addresses the criteria that guided the 

feed selection and provides details of the scouting process as well as the final 

selected feeds.  

In Chapter 4, the polishing of a binary antibody mixture in step elution mode is 

studied to maximise product yield and monomer purity as a function of the salt 

concentration, pH and column loading. The primary goal of this study is the 

familiarisation with the simplex method and DoE as an alternative optimisation 

approach.  

Chapter 5 explores a hybrid approach of the simplex method and a form of local 

optimisation. The approach is investigated for a non-trivial ternary separation of a 

monoclonal antibody mixture in gradient elution mode that considers different 

trade-offs between cycle time and product recovery, including product 
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breakthrough, to achieve high process productivity. In addition, the use of Monte 

Carlo simulation for the selection of a robust and high-performing design space is 

demonstrated. Conceptual aspects of the hybrid approach are discussed.  

The third case study in Chapter 6 describes the optimisation of a ternary antibody 

mixture separated using conventional laboratory-scale as well as HTP micro-scale 

gradient chromatography varying the initial salt concentration and slope of the 

gradient along with column loading. A multi-step workflow is implemented to 

mimic experiments at laboratory-scale based on residence time scaling. Sources of 

variability for data obtained at laboratory- and micro-scale are analysed, and the 

data is reconciled for both scales to generate models that enable the in silico study 

of the simplex. This conceptually explores the potential around the integration of 

the simplex with automated workflows. Optimal operating conditions are discussed 

for maximum mass recovery subject to constraints for product purity and yield. 
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2 Materials and Methods  

2.1 Standard labware, devices and consumables 

A list of standard labware, devices and consumables routinely used during the 

experimental studies and referred to throughout the text is summarised in Table 2-1. 

Chemicals were obtained from Sigma-Aldrich Company (Dorset, UK), unless 

specified otherwise. A Milli-Q Advantage A10 system (Millipore, MA, USA) was 

used to generate ultrapure water to a minimum resistivity of 18 MΩ/cm, 

abbreviated as ddH2O in the text. 

Table 2-1. Standard labware, devices and consumables. 

 Item description Manufacturer 

Plastic 
labware and 
consumables 

UV-STAR 96-well microtitre plates Greiner Bio-One, Stonehouse, UK 

Conical bottom 96-well microtitre 
plates 

Greiner Bio-One, Stonehouse, UK 

Deep 96-well plates VWR International, PA, USA 

Falcon tubes (15 mL, 50 mL) Corning Science, Reynosa, Mexico 

HPLC vials Thermo Scientific, MA, USA 

Snap cap for HPLC vials Agilent Technologies, CA, USA 

Nalgene square PETG bottles  
(30 mL to 2 L) 

Thermo Scientific, MA, USA 

pH calibration solutions Mettler Toledo, OH, USA 

Orion conductivity standards 
(12.9 mS/cm and 1413 μS/cm) Thermo Scientific, MA, USA 

Measuring 
devices 

pH meter Seven Compact Mettler Toledo, OH, USA 

Conductivity meter Orion Star A112 Thermo Scientific, MA, USA 

Analytical balance CP64 Sartorius, Göttingen, Germany 

Compact balance AFP-2100 Adam Equipment, Milton Keynes, UK 

Stericup vacuum filter units (0.2 µm) EMD Millipore, Darmstadt, Germany 
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2.2 Preparative chromatography columns 

For conventional laboratory-scale chromatography, manually packed Tricon 5 

columns (GE Healthcare, Uppsala, Sweden) with 0.5 cm inner diameter and 20 cm 

bed height, equal to a column volume (CV) of 3.93 mL, were used during the first 

case study (Chapter 4). Here and in all following instances, CV shall refer to the 

empty column volume that does not account for the porosity of the bed. In later 

studies (Chapters 5 to 6) pre-packed OPUS MiniChrom columns (Repligen, 

Ravensburg, Germany) with 5.03 mL CV, inner diameter of 0.8 cm and a bed 

height of 10 cm were employed. Laboratory-scale column performance was tested 

in regular intervals depending on usage, applying the test protocol documented in 

Appendix A.1. For experiments at micro-scale, OPUS RoboColumns (Repligen) 

with 600 μL CV, inner diameter of 0.5 cm and a bed height of 3 cm were used. A 

library of ion exchange (IEX), hydrophobic interaction (HIC) and mixed mode 

(MM) chromatography resins was employed for screening purposes. Information 

on the resins and manufacturer details are listed in Table 2-2. 

Table 2-2. Employed chromatography resins and manufacturers. 

Resin Type Manufacturer 

Capto SP ImpRes Strong CIEX GE Healthcare, Uppsala, Sweden 

Eshmuno CPX Strong CIEX EMD Millipore, Darmstadt, Germany 

Capto Q Strong AIEX GE Healthcare, Uppsala, Sweden 

Capto Adhere MM (AIEX+HIC) GE Healthcare, Uppsala, Sweden 

Capto MMC ImpRes MM (CIEX+HIC) GE Healthcare, Uppsala, Sweden 

Toyopearl MX-Trp-650M MM (CIEX+HIC) Tosoh Bioscience Ltd, Griesheim, Germany 

CHT Type I, 40 μm MM  Bio-Rad Laboratories, CA, USA 

Toyopearl Butyl-650S HIC Tosoh Bioscience Ltd, Griesheim, Germany 

Capto Phenyl High Sub HIC GE Healthcare, Uppsala, Sweden 

Chromatography types: AIEX – anion-exchange, CIEX – cation-exchange, HIC – hydrophobic 
interaction, MM – mixed mode. 
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2.3 Chromatography buffers 

Buffers with varying salt concentrations and pH were prepared following the 

general instructions provided by Dennison (1988). Table 2-3 summarises the used 

buffer systems. Buffers were made by weighing in the substance as indicated in 

Table 2-3, normally the acidic buffer component. The substance was dissolved in 

ddH2O in approximately 90 % of the final volume. The pH was then adjusted with 

the titrant (Table 2-3) and the volume topped up to yield the final volume and target 

concentration. Lower concentration buffers were prepared by diluting higher 

concentration buffers and correcting the pH as required. NaCl salt and supplements 

of Ca2+, as required, were added before measuring and adjusting the pH. One unit 

of Ca2+ in [ppm] was measured as 1 mg/L of CaCl2 dihydrate. The pH meter was 

calibrated at pH 4 and pH 7, in this order. The conductivity meter was calibrated 

with 12.91 mS/cm and 1413 μS/cm standard solutions, as required. All buffers were 

sterile filtered with 0.2 μm vacuum filter units and stored at 4 to 6°C when used 

over prolonged periods. 

Table 2-3. Overview of used buffer systems, applied pH ranges and buffer components. 

Buffer Used pH range Substance Titrant 

Na phosphate ~ 3 Na phosphate monobasic (acidic salt) 85 % ortho- 
phosphoric acid 

Na acetate  4.5 ... 5.5 Na acetate trihydrate (base) 5 M acetic acid 

Na phosphate, 
Na citrate 

~ 6 Na phosphate monobasic,  
Na citrate monobasic (acidic salt) 

5 M NaOH 

Na phosphate 6.5 ... 7.5 Na phosphate monobasic (acidic salt) 5 M NaOH  

Tris HCL 7.5 ... 8.0 Tris base (base) 3 M HCl 

Ethanolamine ~ 9 Ethanolamine (base) 3 M HCl 
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2.4 Chromatography resin scouting  

2.4.1 Overview of scouting conditions 

Various resins were screened to identify suitable feed mixtures and columns for 

optimisation studies. The initial scouting conditions across the range of feeds and 

case studies are summarised in Table 2-4. Scouting experiments were set up in bind-

and-elute mode, beginning with the equilibration of the column in 100 % buffer A 

for 5 CV, followed by the application of the sample and a 3 CV wash step with 

equilibration buffer; finally eluting the protein with a linear gradient from 0 to 

100 % buffer B in 20 CV. A gradient delay at 100 % B for 3 CV was added to 

regenerate the column. Deviations from the protocol are stated in Table 2-4.  

Load samples for ion-exchange chromatography were prepared to not exceed the 

ionic strength and to match the pH of the equilibration buffer. IEX columns were 

loaded with 20 to 50 g of total protein per L of resin; lower loadings were used with 

mixed mode columns (MM: 15 to 30 g/L of resin) and hydrophobic interaction 

columns (HIC: 15 to 30 g/L of resin). Loading ranges were based on personal 

communication and manufacturer guidelines (see footnote in Table 2-4). Feed 

samples for HIC were supplemented with ammonium sulphate, the concentrations 

of which was determined in precipitation studies (Section 2.4.2). Flow rates during 

loading were 100 cm/h and increased to 200 cm/h during all remaining steps.  

Cleaning and storage were carried out according to the manufacturer’s 

recommendations. For cleaning, 1 M NaOH was used. IEX and MM columns were 

stored in 0.1 M NaOH; 20 % v/v EtOH was used to store HIC columns. This was 

with the exception of Capto Adhere and Eshmuno CPX columns. Capto Adhere 

columns were cleaned with 70 % v/v EtOH and stored in 20 % EtOH. Eshmuno 

CPX columns were stored in 20 % EtOH and 150 mM NaCl. Transition steps with 

ddH2O were applied when changing between organic solvents and buffer solutions 

with high salt concentrations.  
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Table 2-4. Resin scouting conditions. – A: equilibration buffer, B: elution buffer, CV: column 
volume. 

Resin Gradient and loading details  

Capto SP ImpRes  
Eshmuno CPX 

Proprietary Na acetate buffer system at pH 5, increased salt 
concentration for elution 

Capto Q 

(bind-and-elute mode) 

A: 20 mM ethanolamine, pH 9 
B: 20 mM ethanolamine, 1 M NaCl, pH 9 

Capto Adhere 
(bind-and-elute mode)  

A: 25 mM Na phosphate, pH 7.5 
B: 50 mM Na acetate, 300 mM NaCl, pH 4.5 and 5.5 
Dedicated strip: 50 mM Na phosphate, pH 3 (5 CV) 

Capto MMC ImpRes A: 25 mM Na acetate, pH 5 
B: 25 mM Na acetate, 1 M NaCl, pH 5 

A: 25 mM Na phosphate, 25 mM Na citrate, pH 6 
B: 25 mM Na phosphate, 25 mM Na citrate, 1 M NaCl, pH 6 

A: 50 mM Na phosphate, pH 7 
B: 50 mM Na phosphate, 1 M NaCl, pH 7 

Toyopearl MX-Trp-650M  A: 50 mM Na acetate, 100 mM NaCl, pH 5 
B: 100 mM Tris HCL, 300 mM NaCl, pH 7.5 

CHT Type 1  A: 10 mM Na phosphate, 6 ppm Ca2+, pH 6.5 
B: 10 mM Na phosphate, 1 M NaCl, pH 6.5, 15 ppm Ca2+ 
Pre-equilibration: ddH2O, followed by   
  500 mM Na phosphate, pH 6.5 (3.5 CV) 
Prolonged equilibration of 10 CV 
Loading followed by SNS wash1: 25 mM Tris, 25 mM NaCl, 
  5 mM Na phosphate, pH 7.75 (6 CV) 
Dedicated strip: 10 mM Na phosphate, 100 mM NaCl,  
  pH 7.5 (1 CV), then 500 mM Na phosphate, pH 7 (5 CV) 

A: 10 mM Na phosphate, 50 mM NaCl, pH 6.8 
B: 10 mM Na phosphate, 1 M NaCl, pH 6.8 
Prolonged equilibration of 20 CV 
Dedicated strip: 500 mM sodium phosphate, pH 6.8 (3 CV) 

Toyopearl Butyl-650S A: 50 mM Na phosphate + ammonium sulphate2, pH 7 
B: 50 mM Na phosphate, pH 7 

A: 50 mM Tris HCl + ammonium sulphate2, pH 8 
B: 50 mM Tris HCl, pH 8 

Dedicated strip: 70 % EtOH (3 CV) 
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Table 2-4. Continued. 

Capto Phenyl High Sub  A: 50 mM Na phosphate + ammonium sulphate2, pH 7 
B: 50 mM Na phosphate, pH 7 

A: 50 mM Tris HCl + ammonium sulphate2, pH 8 
B: 50 mM Tris HCl, pH 8 

Dedicated strip: 70 % EtOH (3 CV) 

Note: Scouting conditions based on personal communication and manufacturer guidelines (Bio-
Rad Laboratories 2013; GE Healthcare Bio-Sciences AB 2006; GE Healthcare Bio-Sciences AB 
2014; GE Healthcare Bio-Sciences AB  2015; GE Healthcare Bio-Sciences AB 2016; Tosoh 
Bioscience LLC 2012) 

1  According to the resin manufacturer, the SNS wash controls localised pH while absorbing 
protons released from the hydroxyapatite surface protonation sites by an ion-exchange 
neutralisation reaction (Bio-Rad Laboratories 2013). 

2 Ammonium sulphate supplements determined in precipitation studies (Section 2.4.2). 
 

2.4.2 Salt concentrations for HIC binding 

HIC chromatography is typically performed at high initial salt concentrations to 

facilitate binding of the protein to the column during sample application. 

Precipitation studies were carried out to determine a sufficiently high concentration 

of ammonium sulphate that facilitates binding and avoids precipitation of the 

protein. Studies were performed in 96-well microtitre plates (MTP). Equilibration 

buffer was mixed in different ratios with stock solution of the equilibration buffer 

plus ammonium sulphate to test for protein precipitation over a concentration range 

of 0.8 to 1.6 M ammonium sulphate. The protein sample was spiked into the buffer 

and the onset of precipitation determined spectrophotometrically at 350 nm with a 

Tecan Infinite M 200 plate reader (Tecan Group Ltd, Männedorf, Switzerland). The 

desired concentration of ammonium sulphate was assumed to be 0.2 M below the 

determined change in absorbance; the raw data is documented in the Appendix A.2. 
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2.5 Laboratory-scale column chromatography  

2.5.1 Äkta Avant system setup 

Preparative chromatography experiments at laboratory-scale were performed on an 

Äkta Avant 25 chromatography system, operated by Unicorn software version 6.3 

(both GE Healthcare). Prior to sample processing, all relevant flow paths, buffer 

and sample lines as well as the fraction collector were sanitised with 1 M NaOH, 

using the cleaning procedures available within the Unicorn software. After a 15 min 

hold time the sanitisation agent was purged from the system and replaced with 

ddH2O, before the system was primed with buffers. Sample was injected directly 

from the sample container via the sample pump or from a Superloop (GE 

Healthcare) with a capacity of 50 mL. This had the advantage that sample loss 

during priming or sample dilution before the column inlet was minimal. Fractions 

were collected and stored at 4°C. Prior to collection, empty fraction containers were 

weighed to determine the volume of collected sample after purification for mass 

balance control. 

2.5.2 Preparative CIEX chromatography steps  

Preparative CIEX chromatography experiments were performed in bind-and-elute 

mode, comprising a standard sequence of steps as outlined in Table 2-5. A sodium 

acetate buffer system was used to facilitate binding of the antibody to negatively 

charged CIEX resins at mildly acidic pH and low conductivity, and to elute the 

protein by increasing the conductivity stepwise or gradually. Different elution 

parameters were in the focus of the optimisation studies in Chapters 4 to 6 which 

are detailed in Table 2-5. The volume of injected sample was based on a loading 

target defined as g of total protein per L of resin. The flow rate in the first of three 

studies (Chapter 4) was 173 cm/h (7 min residence time). In the latter two studies 

(Chapters 5 and 6) the flow rate was 200 cm/h (3 min residence time) except during 

sample loading where it was reduced to 100 cm/h (6 min residence time). Fractions 

were collected in 96-well deep well plates (DWP) or 50 mL falcon tubes.  
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Table 2-5. Series of steps in preparative CIEX chromatography. – Study 1: Chapter 4, study 2: 
Chapter 5, study 3: Chapter 6; CV: column volume. 

Step name Step details and buffers 

Equilibration Proprietary Na acetate buffer system at pH 5 with low ionic strength 
(≤ 4 mS/cm) 

Sample application Load volume according to target load level, sample adjusted to pH 5; 
flow through collected as control 

Post-loading wash 3 to 5 CV of equilibration buffer, pH 5 
Study 2/3: initial salt concentration of wash adjusted to match 
gradient; fraction sizes of 1/5*CV and 1/3*CV 

Elution Proprietary Na acetate buffer system at pH 5 with increased ionic 
strength  

Study 1: isocratic elution at different salt concentrations 
(≥ 20 mS/cm), fixed pooling with front and tail peak cuts at 
300 mAU (A280 nm) 

Study 2: elution with salt gradient of variable slope, dynamic 
pooling, 1/5*CV fractions 

Study 3: elution with salt gradient of variable slope1, dynamic 
pooling, 1/3*CV fractions 

Regeneration and 
cleaning 

3 CV of elution buffer (100 % B) followed by 3 CV of 1 M NaOH 

Transition 1 CV of ddH2O 

Storage 3 CV of 0.1 M NaOH or 20 % v/v EtOH 2 

1 Varying step height for discretised gradients at micro-scale (RoboColumns) 
2 Supplemented with 150 mM NaCl for Eshmuno CPX (Study 2) 

2.6 Micro-scale column chromatography 

2.6.1 Tecan Fluent system setup 

For the operation of micro-scale chromatography columns, also referred to as 

RoboColumns (RC), a Tecan Fluent liquid handling platform (Tecan Group, 

Männedorf, Switzerland) was used. The robotic platform was controlled by Fluent 

Control software version 1.6 (Tecan Group). The system was equipped with 5 mL 

syringe pumps connected to stainless steel pipetting tips to generate a constant 

pressure-driven flow. The tips were organised on an eight-channel liquid handling 
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arm. This allowed pipetting volumes of up to 4800 μL per single 

aspiration/dispense step without flow interruption. Larger volumes were realised in 

sequences of pipetting steps, implemented as iterative loops. The Tecan Fluent was 

configured with Te-Shuttle and Te-Chrom modules which enabled the operation 

and fraction collection of up to eight RoboColumns. The RC were secured in the 

Te-Chrom carrier by a custom-made 3D-printed column holder. Parameters for 

aspirating and dispensing liquid, e.g. pipetting speed and air gap volumes (to 

separate the system liquid in the fluid path from the sample) were defined in liquid 

classes. Standard applications were sufficiently covered with the pre-programmed 

liquid classes, employing the default water-based liquid class for transfer and 

dilution of aqueous solution and a specialised liquid class with variable flow rate 

for injecting into RC.   

Several types of carriers for plates and tubes (1 mL to 50 mL), a wash station and 

sites for storing plates including a refrigerated hotel with 12 positions were featured 

on the worktable (all carriers from Tecan Group). Labware was moved and 

transferred by an eccentric robot manipulator arm. Routinely used labware included 

DWPs, MTPs (flat bottom UV plates and conical bottom plates for use in HPLC 

sample trays) as well as conical falcon tubes with 15 ml and 50 mL capacity. Plastic 

lids or aluminium films were used where possible to minimise evaporation. An 

Infinite M 200 plate reader, controlled by Magellan software version 7.2 (Tecan 

Group), was integrated with the robotic platform for photometric UV/Vis 

measurements.  

System maintenance scripts were routinely applied. Dilutor and system washes 

were carried out before a run to remove potential air bubbles from the system. The 

stainless-steel tips were cleaned and sanitised with 5 % v/v bleach before and after 

a set of runs. Regular wash steps in-between pipetting commands ensured the air 

gap was frequently regenerated. 
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2.6.2 Automated micro-scale gradient chromatography method 

A customisable and automated script was developed for the parallel operation of up 

to four 600 μL RoboColumns in duplicate on the Tecan Fluent, combining different 

resin chemistries, feed solutions and load levels as well as individual elution 

gradients. The implementation of this method had to consider the typical 

characteristics of robotic liquid handling systems. Compared to traditional 

laboratory-scale systems, the robotic system executes liquid handling tasks with 

dispenser pumps limiting the volume that can be transferred per pipetting task. 

Hence, continuous buffer gradients generated by laboratory-scale systems must be 

approximated by a sequence of discrete steps. This creates a non-continuous flow 

path which omits online measurements of the elution profile. Consequently, eluates 

must be fractionated and analysed offline to reconstruct the preparative 

chromatograms. Therefore, the implementation of a gradient chromatography 

method on a robotic station needs to coordinate and account for multiple liquid 

handling steps, among others, the preparation of the gradient in advance of the 

elution, the collection of fractions across multiple plates, along with plate transfers 

and allocation of storage space. 

To enable the parallel operation of RC in the gradient method developed here, each 

with individual loading and elution conditions, the number of pipetting operations 

and labware moves needed to be harmonised. This was realised by unifying the 

number of column volumes per phase, e.g. the duration of the loading or elution 

phase, across all columns. In addition, the same flow rates (defined via pipetting 

speed) were applied to the number of active RC which facilitated simultaneous 

pipetting and the simultaneous collection of equally sized fraction volumes. In 

particular, feed volumes were adjusted with equilibration buffer to match the largest 

loading volume in the group calculated based on the individual feed concentrations 

and loading targets. Gradients with different length and step heights (slopes) were 

harmonised by adding a gradient delay (100 % B) to produce the same overall 

gradient duration.  
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The gradient method was organised in nine phases as outlined in Table 2-6 which 

closely resembled the laboratory-scale CIEX chromatography steps in Table 2-5 

(Study 3). The phase descriptions are accompanied by the worktable setup in 

Figure 2-1. Scaling between laboratory-scale and micro-scale experiments was 

based on a common residence time of 6 min during loading and 3 min for all other 

steps. Phases 1 and 2 were introduced to account for the non-continuous flow paths 

of the liquid handling system. The Tecan Fluent script was controlled by a number 

of user inputs and Tecan variables which are listed in detail in Table 2-6. The user 

defined a total of six variables for each column in a standardised Excel sheet: 

concentrations of stock solutions for buffers A and B, salt concentrations at the 

gradient start and the gradient slopes, feed concentrations and loading targets. With 

an associated MATLAB program, these inputs were translated into Tecan variables 

and exported in a readable format for the Tecan robot. During execution of the 

gradient method, the variables were engaged to control iterative loops and on-the-

fly calculations (Appendix A.3). Default Tecan variables were listed at the start of 

the Tecan script where they could be adjusted if necessary. Certain variable ranges 

and restrictions on fraction sizes/numbers had to be applied due to limited space on 

the worktable and labware capacities, e.g. sites for plate storage, well volumes and 

number of wells per plate. These are highlighted in Table 2-6. Accompanying 

Tecan scripts were developed for subsequent analysis of the collected fractions, 

facilitating UV/Vis measurements and further HPLC analysis. Data from the 

analytical assays was tracked via unique sample IDs organised by plate and well 

numbers. Details of the analytical methods are described in Section 2.7. 
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Table 2-6. Phases of automated gradient chromatography method. – User variable inputs defined in 
standardised Excel sheet. Tecan variables for script execution generated in MATLAB.  

Phase name Variables Details and limitations 

Gradient 
buffer 
preparation 

User variable input: 
Concentration buffers A [mM] 
Concentration buffers B [mM] 
Concentrations at gradient start [mM] 
Gradient slopes [mM/CV] 

Tecan variables: 
Gradient step volume (default 200 μL) 
Gradient step concentrations [mM/step] 
Total number of gradient steps 
Total number of gradient plates 

Volumes of buffers A and B calculated 
on-the-fly within the Tecan script1 

• Step length fixed by step 
volume 

• Step height calculated from 
gradient slope 

• Gradient buffers prepared from 
stock solutions A and B in deep-
well plates at double the 
gradient step volume to increase 
accuracy of pipetting small 
volumes at gradient onset 

• Plates refrigerated at 6°C  

• Storage space limits gradient 
steps to 576 (max. 6 plates) 

Wash buffer 
preparation 

User variable input: 
Concentrations at gradient start [mM] 

Tecan variables: 
Duration 3 CV (default) 

• Wash prepared in 50 mL falcon 
tubes, one tube per column 
duplicate  

Equilibration Tecan variables: 
Duration 5 CV (default) 
Flow rate 3.28 ul/s 

 

Loading User variable input: 
Feed concentrations [μg/uL] 
Loading targets [μg/uL of resin] 

Tecan variables: 
Loading volumes [μL] 
Max. loading volume in group [μL] 
Flow through fraction volume 
    (default 250 μL) 
Total number of flow through fractions 
Total number of flow through plates 
Flow rate 1.56 μl/s 

Volumes to adjust feeds to the 
maximum load volume in the group   
are calculated on-the-fly1 

• Feeds manually prepared in 
advance of the run in 15 mL 
tubes at exact loading volume, 
plus a constant excess of each 
feed (130 μL) 

• Option to adjust feed volumes 
automatically  

• Storage space limits the number 
of flow through fractions to 288 
(3 plates)  
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Table 2-6. Continued. 

Phase name Variables Details and limitations 

Post-loading 
wash 

Tecan variables: 
Duration 3 CV (default) 
Fraction volume  
   = Grad. step volume (default 200 μL) 
Flow rate 3.28 μl/s 

• Uses buffers prepared in phase 2  
“wash buffer preparation” 

• Storage space limits number of 
wash fractions to 96 (1 plate)  

Elution Tecan variables: 
Fraction volume 
   = Grad. step volume (default 200 μL) 
Total number of gradient steps 
Total number of gradient plates 
Gradient delay duration 3 CV (default) 
Flow rate 3.28 μl/s 
 
 

• Gradient buffers from phase 1 
“Gradient buffer preparation” 
now utilised  

• Storage space limits the number 
of elution fractions to 576 
(6 plates) 

• Gradient delay at 100 % B 
added at the end of the gradient 
elution phase by default (strip) 

Cleaning Tecan variables: 
Duration 3 CV (default) 
Flow rate 3.28 μl/s 

• One cleaning solution, typically 
0.5 M NaOH across all columns 

Transition Tecan variables: 
Duration 1 CV (default) 
Flow rate 3.28 μl/s 

• Removal of cleaning solution 
with ddH2O 

Storage Tecan variables: 
Duration 3 CV (default) 
Location of storage solution (default 1) 
Flow rate 3.28 μl/s 

• Two storage solution to choose 
from 

1 On-the-fly calculations in the Appendix A.3 
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a) 

 

b) 

 

Figure 2-1. Tecan worktable for the automated gradient method with 600 μl RoboColumns. 
a) Photograph of Tecan Fluent in the laboratory. b) Schematic worktable used in the gradient 
script. – Positions with specific functions are numbered. 1.1 to 1.6: elution fractions (96-well 
MTPs with lids), 1.7 to 1.12: gradient buffer steps (96-well DWPs), 2.1 to 2.3: load flow through 
collection, 2.4: wash collection, 2.5: gradient delay, 2.6: current gradient buffer plate, 2.7: transfer 
position Hotel/Te-Shuttle for current elution plate (all MTP in positions 2.# with lids); 3.1 to 3.4: 
gradient buffer A, 3.5 to 3.8: gradient buffer B, 3.11 to 3.14: wash buffer (in positions 3.# each 
column duplicate has a dedicated 50 mL falcon tube for buffer A, B and the wash); 4.1 to 4.4: 
individual loads at exact load volume plus a constant excess volume (one 15 mL tube per column 
duplicate); 5.1 to 5.4: troughs with solutions for cleaning, transition and storage. Te-Chrom/Te-
Shuttle modules for RoboColumn operation and fraction collection. 

 



Chapter 2 ‒ Materials and Methods   71 
 

2.7 Analytical methods 

2.7.1 Protein concentrations 

Protein concentrations were measured spectrophotometrically based on the Beer-

Lambert law which describes the linear relationship between light absorbed by a 

substance and its concentration: 

/!&012 =  3012 4 5  [2-1] 

with 

/!& – Absorbance 
λ  – Wavelength [nm] 
3  – Extinction coefficient [L/(g cm)] 

4   – Pathlength [cm] 
5  – Concentration of absorbing substance [g/L] 

 

Extinction coefficients for the molecules were provided following the method 

outlined by Pace et al. (1995). For the final selected protein mixtures the extinction 

coefficients were similar, less than 8 % different or 0.12 L/(g cm) apart, therefore, 

it was assumed that the extinction coefficient of the product was representative for 

the proteins to be separated. Samples, i.e. chromatography feeds and collected 

fractions in tubes or plates, were prepared on Tecan Evo 200 or Tecan Fluent 

platforms (both Tecan Group), diluted if necessary and transferred to plates for 

measuring UV/Vis absorbance at 280 nm. Two types of plate readers were 

employed:  

Tecan Infinite MTP reader 

Protein absorbance was measured in 96-well UV plates containing 100 to 200 μL 

sample using an Infinite M 200 plate reader. Samples exhibiting > 2 AU absorbance 

were diluted with ddH2O. The absorbance by the UV plate was subtracted (plate 

blank) and pathlength correction was applied to account for varying well volumes. 

This required the measurement of two additional wavelengths at 900 and 1000 nm 

per sample. The correction was based on the water constant, i.e. the difference of 
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water absorbing light at 1000 nm (temperature isosbestic point) and baseline 

absorption at 900 nm for a defined pathlength of 1 cm, which could then be used to 

normalise the absorbance of the protein measured at the target wavelength 

(McGown and Hafeman 1998). This is expressed by the following equation 

(normalised units to 4 = 1 cm pathlength are macron index): 

/!&77777�8" = 9:;<=>
? = /!&�8"

9:;77777@<A,C>>>D9:;77777@<A,E>>
9:;C>>>D9:;E>>     [2-2] 

Lunatic microchannel plate reader 

For high-throughput applications (Chapter 6) a Big Lunatic plate reader was used 

with High Lunatic plates (both Unchained Labs, CA, USA) for samples exceeding 

2 AU absorbance measured at 280 nm. The Lunatic plates have a microchannel 

design with two adjacent micro-cuvettes of 0.1 and 0.7 mm pathlength which 

require a total of 2 μL sample. This enables the measurement of protein absorption 

over a dynamic range of 0.03 to 275 AU, without the need for sample dilutions and 

additional liquid handling steps, minimising sample consumption. Specific scripts 

and a liquid class for sample transfer to the microchannel wells on the Lunatic plates 

were developed in Fluent Control software. 

2.7.2 Size-exclusion HPLC 

For analysis of differently sized antibody species, aggregates and fragments, size-

exclusion HPLC (SE-HPLC) was performed on an Agilent 1100 series system 

(Agilent Technologies, California, USA). The analytical method was developed in 

OpenLAB CDS ChemStation (Rev. C.01.04, Agilent Technologies) for the 

detection of large molecular weight proteins > 100 kDa with retention times 

between 2 and 10 min and absorbing UV light at 214 nm. 10 μL of normalised 

sample (≤ 1 g/L) were injected onto a TSKgelG3000SWXI column (Tosoh 

Bioscience, Griesheim, Germany) and separated using an isocratic mobile phase 

containing 100 mM Na phosphate and 400 mM NaCl, pH 6.8 at a constant flow rate 

of 1 mL/min, at room temperature. Details of the sample normalisation are 

described in Section 2.7.4. The samples were held in the HPLC auto sampler at 6°C 
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until analysis. Between injections a needle wash with ddH2O was included to 

minimise crossover of sample. The column performance was monitored with an in-

house protein reference standard.  

2.7.3 Cation-exchange HPLC 

Analytical cation-exchange HPLC was used to analyse the purity of preparative 

chromatography samples containing multiple antibodies by separation based on 

isoelectric point (pI), especially where separation based on size was not possible. 

The analytical method was developed using Thermo Fisher Scientific’s commercial 

CX-1 pH gradient buffers, diluted 10-fold with ddH2O prior to application. A 

MAbPac SCX-10 cation-exchange HPLC column (4 x 50 mm, 10 μm particle size, 

Thermo Fisher Scientific, MA, USA) was operated on Agilent series 1100 and 

series 1260 infinity II systems (Agilent Technologies), injecting 15 μL of sample 

normalised to < 5 g/L (normalisation method see Section 2.7.4) and measuring 

protein absorption at 280 nm. For elution, a linear pH gradient from pH 5.6 ± 0.2 

(100 % buffer A) to pH 10.2 ± 0.2 (100 % buffer B) was applied over 10 min at a 

constant flow rate of 2 mL/min. This led to an overall run time of 13 min per sample 

for elution (20 CV), regeneration (3 CV) and equilibration (3 CV). Needle washes 

with ddH2O were performed prior to sample injection to prevent sample carry-over. 

For column maintenance, especially in the frame of HTP experiments, an over-night 

wash step was performed using 1 M NaCl at 0.5 mL/min for 1 h. With the same 

frequency, column performance was monitored with an in-house protein reference 

standard. Analytical chromatograms were integrated based on known retention 

times and applying the advanced baseline correction in ChemStation (Agilent 

Technologies).  

2.7.4 Sample normalisation for HPLC 

Concentration normalisation of samples in preparation for HPLC analysis was 

conducted on Tecan robots. Dilution volumes of the sample, with ddH2O as the 

diluent, were automatically calculated based on the UV/Vis plate reader results 

(Section 2.7.1). To achieve higher accuracy and precision for the calculation of 



74  Chapter 2 ‒ Materials and Methods 
 

dilution factors, dilutions were performed in increments involving a minimum 

volume of 50 μL (sample or diluent) in preparing the dilution.  

2.7.5 Liquid volume determination in microtitre plates 

In preparative chromatography the accurate measurement of fraction volumes is 

essential to determine mass balances and product recoveries. In micro-scale HTP 

chromatography, fractions are typically collected in microtitre plates. UV/Vis plate 

readers designed for HTP applications can inform about well volumes based on 

pathlength measurements which linearly correlate liquid levels with the absorption 

difference at 900 and 1000 nm (Equation 2-2); however, these measurements might 

be susceptible to changes in sample concentration which have been linked to the 

formation of a meniscus at the liquid surface in narrow wells (this is discussed in 

more detail in Chapter 6). An alternative approach assesses the liquid volume in a 

well by measuring the pressure when a known volume of air is injected into the 

wells, based on the ideal gas law. The VMS (Volume Measurement System) by 

Artel (ME, USA) implements this approach. The VMS system was calibrated for 

each batch of microtitre plates following the manufacturer’s instructions. 

2.8 Data analysis and optimisation 

2.8.1 Objective functions in chromatography 

Classical trade-offs in preparative chromatography concern yield and purity which 

can be demonstrated with a simple chromatogram. Other conflicting criteria such 

as recovered mass and cycle time may additionally be considered. In this thesis, the 

selected criteria were combined into a single scalar objective function that reflected 

the relative importance of the different objectives. Such a scalar objective function 

is defined in Equation 2-3 which represents the productivity of a chromatographic 

separation in equal terms of product mass F and yield G per cycle time H. However, 

depending on the process and application, other representations of performance 

may be appropriate. In addition, the optimisation of objective functions such as in 

Equation 2-3 are often subject to bounds on the process inputs I (instrumental and 
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material limitations) and constraints for example on the required purity of the 

product. The objective functions and constraints that were defined for each of the 

case studies are provided in the relevant results chapters. 

maxK L0I2 =  MN
O    [2-3] 

With the exception of cycle time, the process outputs can be determined using the 

analytical methods presented in Section 2.7. Cycle time is described in the context 

of dynamic pooling in the following Section 2.8.2. 

The concentration of a protein or protein species 5P, e.g. the monomeric species or 

product of interest, in presence of other proteins can be obtained from the measured 

peak areas in the HPLC chromatograms and using calibration curves. Alternatively, 

5P can be obtained from the total concentration 5Q determined by spectrophotometric 

methods and the percentage ratio of the corresponding peak areas /P,RS?T of the 

protein or species ' and the total protein /Q,RS?T  from the analytical HPLC 

chromatogram:   

5P = 5Q
9U,@VWX
9Y,@VWX  [2-4] 

Information on fraction concentration 5PZ and fraction volume [Z permit the 

calculation of the mass \P per fraction ] or across multiple fractions (pool), with 

]� and ]� representing intermediate fractions: 

\P = ∑ [Z5PZZ<Z_ZC   [2-5] 

The purity of a protein or species P̀ in the pool is described by its mass portion \P 
in relation to the total protein mass \Q in the same pool: 

P̀ = aU
aY  [2-6] 
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Yield GP can be expressed as the percentage of protein of interest recovered in the 

pool and the total protein loaded onto the column, i.e. the product of volume [bcde 

and concentration 5bcde of total protein loaded: 

GP = aU
fghij kghij

  [2-7] 

2.8.2 Dynamic pooling and cycle time 

The term dynamic pooling, as it is used in this thesis, describes an intermediate 

level of optimisation subject to a purity constraint. For the purposes of the studies 

in this thesis, the purity constraint for the product in the pool was typically set to 

≥ 95 %. The optimal pooling window was determined by systematically reducing 

the size of the pool from either end of the elution peak, simulating all possible 

pooling options and selecting the pool that maximised product mass whilst meeting 

a minimal purity target. The optimisation routine was programmed in MATLAB 

(version R2016a, The MathWorks Incorporated, MA, USA), using analytical 

information from the elution fractions collected in Excel. The dynamic pooling 

procedure had an impact on cycle time, that is, the time until the optimal product 

pool was collected. Therefore, cycle time changed with the volume of the load and 

the duration of the elution phase, provided that the length of equilibration and wash 

steps as well as flow rates were constant. 

2.8.3 Nelder-Mead Simplex  

The adaptive simplex algorithm by Nelder and Mead (1965) was introduced in 

Section 1.7 as an iterative search method suitable for experimental optimisation 

within defined constraints. Rules for implementation and methodological aspects 

are described in this section. The simplex operates in the experimental space 

described by . independent variables or process inputs. Within this space the 

simplex forms a geometric figure constructed from . + 1 vertexes. For each vertex, 

the dependent variables or process outputs are evaluated with regards to their 

objective function value. At the beginning of each iteration m the vertexes �P
0n2,      

 ' = 1 … . + 1 are ordered by increasing objective function value L p�P
0n2q. In this 
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thesis, the order is attributed with (b, B) for “best”, (n, N) for “next-to-worst” and 

(w, W) for “worst” with respect to the vertexes (small letters) and objective function 

values (capital letters), denoted for simplicity with r = L p�P
0n2q.  Movements of the 

simplex are controlled by a set of logical rules that compare and rank the vertexes 

regarding their output of two preceding iteration steps (Figure 2-2 and Table 2-7). 

Four basic movements allow the simplex to define the direction and adjust its size: 

reflection (or more precisely “point-through-remaining-centroid reflection”), 

expansion, contraction and shrink. This procedure enables the simplex to be 

subsequently directed towards more favourable regions and search for the optimum 

in the response surface. Common to all movements is that the simplex is forced to 

migrate further or less away from the worst ranked vertex, whilst the total number 

of vertexes per step remains . + 1.  

Different approaches to initialise the simplex are outlined by Walters et al. (1991). 

Location, orientation and size of the initial simplex can to some extent impact the 

performance of the method. One way of starting the simplex and in our opinion the 

practically most relevant method is to establish the initial simplex based on 

available process knowledge. For example, potential starting conditions may be 

based on information collected from chromatography scouting activities or guided 

by typical platform conditions. To enable the simplex to move in all of the . + 1 

dimensions of the experimental space, cohypoplanarity of the simplex vertexes 

must be avoided. This is the case when all the simplex vertexes are linearly 

dependent and consequently lie in a lower dimensional space of the input parameter 

space. Such a simplex is also called a degenerated simplex (Walters et al. 1991). A 

mathematical method to test for cohypoplanarity involves subtracting the point 

coordinates of one vertex from all remaining vertexes and calculating the 

determinant of the square matrix formed by the remaining vertexes. In the case of 

cohypoplanairty the determinant is zero.  

Constraints are a common feature of experimental optimisation problems. In the 

simplex method, constraints for the inputs and outputs were readily implemented 

as penalties meaning a highly undesirable output is assigned to a vertex, leading to 
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its rejection in the next iteration. For practical application and to facilitate 

interaction with the experimental operator, the simplex method for experimental 

optimisation (Chapters 4 and 5) was implemented using VBA in Microsoft Excel 

(Microsoft Office 2016, Microsoft, WA, USA) and set to take direct inputs from 

the spreadsheet where the experimental information was recorded. Where the 

performance of the simplex in the context of experimental optimisation was studied 

from a more theoretical perspective, simulations of the simplex (Chapter 6) 

employing regression models of the experimental space were carried out in 

MATLAB (version R2016a, The MathWorks Incorporated, MA, USA). Detailed 

definitions and equations used for the implementation can be found in Lagarias et 

al. (1998). 

Table 2-7. Calculation of iteration steps for function maximisation with the Nelder-Mead simplex 
algorithm (Lagarias et al. 1998). 

Type of 
movement 

Criteria for comparison of 
objective function values 

Iteration rules 

Reflection (r, R) s ≥ u > w  �0nx�2 = �y0n2 = �̅0n2 + p�̅0n2 − �|0n2q  

Expansion (e, E) u > s   

 3 > u  �0nx�2 = �}0n2 = �̅0n2 + 2 p�y0n2 − �̅0n2q  

 3 ≤ u  �0nx�2 = �y0n2  

Contraction  w ≥ u   

(c, ��) u > �; �� ≥ u  �0nx�2 = �k0n2 = �̅0n2 + �
� p�y0n2 − �̅0n2q  

(c, ��) u ≤ �; �� > �  �0nx�2 = �k0n2 = �̅0n2 − �
� p�̅0n2 − �|0n2q  

Shrink (s, S) �� < u; �� ≤ �  �;C
0nx�2 = �:

0n2  

�;U
0nx�2 = �:

0n2 + �
� p�P

0n2 − �:
0n2q  

Note: The new vertex �0nx�2 replaces �|0n2. During a shrink step the simplex is recalculated 
for ' vertexes with ' = 2 … . + 1.  �̅ – centroid of vertexes except �| . 
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Figure 2-2. Schematic illustration of the simplex rules and movements during an iteration for 
maximisation of the objective function. – Two-dimensional space for two input variables. Vertexes 
in the simplex are sorted from “best” (B) via “next-to-the-worst” (N) to “worst” (W) with regards to 
the value of their objective function. After “reflection” (R) subsequent moves might be suggested, 
i.e. “expansion” (E), “outside contraction” (CR), “inside contraction” (CW) and “shrinkage” (S). 

2.8.4 Polynomial fitting 

Polynomial models were fitted to estimate the shape of objective functions (mass, 

yield or time) over a range of process inputs (pH, loading, initial salt concentration 

and slope of the gradient). This included non-uniform data to gain insight into 

primary trends of the objective functions, and uniformly structured data in a Design 

of Experiments context to facilitate in-depth statistical analysis. Second order 

models were generated using least squares multiple linear regression. The models 

were reduced applying forward and backward selection based on p-values < 0.1 

(residual analysis, F-statistics) whilst maintaining model hierarchy. The 

independent variables were mean-centred and unit scaled to account for different 

scales. Data transformation was applied where it could be used to improve model 

quality. More complex models for objective functions involving several metrics, 

for example process productivity, were built by fitting individual models for each 
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dependent variable (metric) and combining those models by multiplication or 

taking the geometric mean. The historical data tab in Design-Expert 10 software 

(Stat-Ease, MN, USA) was used for model building.  

2.8.5 Design of Experiments 

Central composite designs were employed following a standard DoE approach for 

process optimisation (Section 1.6). In DoE-based terminology, the objective 

function is typically referred to as the response whilst the inputs or independent 

variables are referred to as factors. The central composite design combines a two-

level factorial design with replicate centre points and axial points to add extra 

factor-levels to allow for estimation of curvature. The experimental plans are given 

with the specific studies in Chapters 4 and 5. Quadratic hierarchical models were 

fitted in Design-Expert 10 (Stat-Ease) using backwards selection (p-values < 0.1) 

and the model statistics, ANOVA and diagnostic plots, consulted to evaluate 

potential outliers and the adequacy of the models.  

2.8.6 Monte Carlo simulation 

Monte Carlo simulation (Pardoux 2010; Steinhauser 2013) enables the in silico 

sampling and probabilistic analysis of process responses. As part of defining a 

design space in Chapter 5, the simulations studied the impact of variability in the 

process inputs which can originate from limitations of the measurements and 

operating equipment and other sources of process variation on the objective 

function. Polynomial models were employed to approximate the objective function 

with regards to the process inputs. This allowed the simulation of a large number 

of experiments during which different windows of operation and potential design 

spaces were assessed. Each design space was defined by the process inputs with a 

mean (or centre point) and value for variability to reflect the uncertainty in the 

inputs at three-sigma level. The inputs were assumed to be normally distributed 

around mid-point of the design space and across a sample size of 1000. The 

normally distributed inputs were generated using the random sample generator 

randn in MATLAB 2016a (The MathWorks Incorporated, MA, USA) and the 

process responses returned as the function values of the polynomial models. 
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2.9 Software for data analysis 

Chromatographic raw data (fraction concentrations and purities, fraction volumes) 

from laboratory-scale experiments were processed with self-programmed VBA 

applications in Excel (Office 2010 and 2016, Microsoft, WA, USA). More complex 

data processing tasks, including dynamic pooling optimisation and the generation 

of Tecan variables and worklists based on multiple raw data files, was realised in 

MATLAB 2016a (The MathWorks Incorporated). Data was visualised in 

MATLAB using line, scatter and contour plots. Three-dimensional visualisations 

of objective functions in three parameters were programmed with ContourPlot3D 

in Mathematica, version 10 (Wolfram, Long Hanborough, UK). 

2.10  Assessing data variability 

Variability of points �P in a data set of the size ] was evaluated employing the 

following equations: 

/$'�\%�$'5 \%*] 0*�%$*�%2: �̅ = ∑ �U �U�C
Z    [2-8] 

��*](*$( (%�'*�'�]: �H� = �∑ 0�UD�̅2<�U�C
0ZD�2    [2-9] 

u%+*�'�% &�*](*$(   
(%�'*�'�] 0�$%5'&'�]2:  u�H� = �O�

�̅ ∙ 100 %  [2-10] 

/55)$*5�: /55)$*5� =  �̅D��h�U�ig
��h�U�ig ∙ 100%   [2-11] 
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3 Feed Mixtures  

3.1 Selection criteria 

The selection of a suitable feedstock was an essential step in the design of carefully 

chosen case studies to investigate effective strategies for the optimisation of 

chromatographic separation processes for mAbs. Various criteria had to be 

considered during the feed selection process. First and foremost, the feed material 

had to be relevant for the biopharmaceutical industry. A realistic feed closely 

resembles the biochemical and physical properties of mAbs (size, complexity of the 

three-dimensional structure, surface charges, pI, stability etc.) as well as the 

properties of the feed stream as a whole, encompassing typical product and process 

related impurities.  

The remit of the studies involved sharing and discussing findings with the academic 

community and external industrial experts. This limited the candidate pool to legacy 

molecules and masked antibody mixtures to protect the company’s intellectual 

property. It is therefore not surprising that studies using antibodies are commonly 

published in collaboration between academia and industry (Kumar and Rathore 

2014; Borg et al. 2014; Khalaf et al. 2016; Vetter et al. 2014; Close et al. 2014), or 

conducted using surrogate molecules such as BSA, ovalbumin, cytochrome C and 

ribonuclease A (Freier and von Lieres 2017; Huuk et al. 2014; Nfor et al. 2011). 

Hence this thesis contributes to the relatively sparse subset of chromatography case 

studies with therapeutic antibodies.  

Furthermore, the selection of feed material was driven by practical aspects, such as 

the availability or supply of material in sufficient quantities. In addition, the feed 

material needed to demonstrate sufficient stability to temperature, varying pH and 

salt concentrations to be applicable to different types of chromatography such as 

IEX and HIC and to minimise variability between experiments. The quality of the 

supplied material had to be compromised by the presence of impurities which could 

be adequately quantified with an appropriate analytical assay. Here, HPLC was the 
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preferred analytical method because of its ease of application and comparatively 

high throughput. This choice of analytical method determined suitable feed 

mixtures as combinations of monomeric antibody and aggregates or artificial 

mixtures of unrelated antibodies. Whilst the separation of monomeric mAb from 

aggregates represents a classical problem in polishing chromatography, separating 

mixtures of antibodies has parallels with the purification of bispecific antibodies. 

This class of engineered molecules can recognise two epitopes of the same or 

separate antigens and has gained in popularity over the past decade (Strohl 2018). 

Major challenges remain in the purification of bispecific antibodies from non-

functional or monospecific antibodies as a result of incorrect pairing during 

upstream production (Brinkmann and Kontermann 2017). 

3.2 mAb candidates 

3.2.1 Supply of antibodies 

mAbs were supplied from various stages of the process, i.e. as formulated product 

or downstream in-process intermediate, or produced upstream at scales of up to 

50 L. In order to standardise the starting material, all mAbs were Protein A purified. 

Supplied material that had progressed downstream of Protein A capture was re-

captured to re-establish the buffer conditions. The material was then adjusted to 

pH 5, sterile filtered and stored at 4 to 6°C short-term or frozen at -40°C for longer 

storage periods.  

3.2.2 Resin scouting with mAb candidates 

A total of ten antibodies were considered and rated against the criteria outlined in 

Section 3.1, following initial screening with preparative laboratory-scale CIEX 

chromatography under equivalent conditions for all molecules (Figure 3-1). The 

screening resulted in the nomination of seven different feed combinations; mAbs 

with (native) product-related aggregate and ternary mixtures of mAbs that were 

investigated further in resin scouting studies. Scouting was conducted with 5 mL 
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laboratory-scale columns according to the buffer conditions listed for the different 

resin chemistries in Section 2.4. 

 

 

Figure 3-1. mAb screening with preparative CIEX chromatography ‒ Column: Capto SP ImpRes, 
1 mL CV; loading: 10 g/L of resin; Na acetate buffer system at pH 5, salt gradient elution; elution 
shown for 9 out of the 10 considered mAbs. 

The resin scouting studies were used to reduce the number of nominated feeds to 

those that would pose an interesting and challenging separation problem at 

preparative scale whilst being able to be sufficiently resolved with an analytical 

HPLC technique. The scope of the scouting studies additionally included 

identifying feeds that would require a sequence of two (orthogonal) 

chromatography steps for sufficient removal of product aggregates or other mAbs 

functioning as impurities, necessitating optimisation in tandem taking into account 

the trade-offs between impurity clearance and product recovery across both 

columns. The chromatograms in Figure 3-2 demonstrate the complexity of scouting 

to select an appropriate feed, specifically one that would be applicable for the 

optimisation of two-column sequences, exemplified for one of the final selected 

feeds (Feed III, see Section 3.3 for details).  
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Figure 3-2. Extended scouting for Feed III and six different resins. ‒ CIEX resins: 
a) Capto SP ImpRes (pH 5), b) Eshmuno CPX (pH 5); AIEX: c) Capto Q (pH 9, bind/elute); HIC: 

d) Toyopearl Butyl-650S (pH 8); Mixed Modes: e) CHT Type 1 (pH 6.8), f) Capto MMC 

ImpRes (pH 7). Columns: 5 mL CV, 10 cm bed height. Flow rate: 100 cm/h (loading), 200 cm/h 
(wash, elution). Detailed scouting conditions in Table 2-4. ▬ Product, ▬ ▬ Impurities, ▬ Salt 
gradient. 
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To study the impact of trade-offs for the optimisation of two-column sequences it 

is preferable to maintain a ternary separation problem for both columns. For the 

scouting example in Figure 3-2 this is only the case for one column: on the Capto SP 

ImpRes cation-exchanger (a) the impurities co-elute in the front and tail end of the 

product peak. In contrast, the strongly-bound impurity is fully separated on the 

Eshmuno CPX cation-exchange resin (b), reducing the separation to a binary 

problem. For the Toyopearl Butyl-650S HIC resin and the mixed mode Capto MMC 

resin complete separation is achieved without need for further optimisation as 

impurities bind strongly (d) or not at all (f) to the selected resin chemistry, and for 

the tested buffer conductivities and pH values. CHT resin shows severe co-

elution (e). Co-elution of both impurities and some product is also found for the 

Capto Q resin (c) where it was difficult to achieve product binding at pH 9. 

Increasing the pH further was a concern since it is well known that some proteins 

degrade at higher pH which can for example lead to the deamidation of asparagine 

residues and loss of protein activity (O'Brien, Brooks, and Thirumalai 2012). 

Decreasing the pH would require running the AIEX resin in flow through mode 

simplifying the purification to a binary separation problem. Based on the available 

feeds and the results of the scouting studies it was decided to concentrate on single 

column optimisation. 

3.3 Selected mAb feeds 

Three feeds were selected for subsequent case studies. Feed I was a binary mixture 

containing a single antibody with artificially increased aggregate levels (for details 

see Section 3.4). Feeds II and III were ternary mixtures of mAbs. To prepare 

Feeds II and III, the main antibody (product of interest) was spiked with additional 

antibodies (monomer purities > 98 %) as the impurities. The spike volume was 

calculated based on the individual concentrations of the impurity mAbs and the 

main antibody at a mass ratio of 1:10. Volumes were measured with a balance, 

assuming the solutions to be aqueous (ρ ~ 1 g/mL). Feed preparation was carried 

out under aseptic conditions. The bulk material was then sterile filtered, before 

aliquoting into varying volumes to provide material for one to two weeks of 
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experiments at a time. Aliquots were stored at -40°C or refrigerated at 4 to 6°C for 

the duration of the experiments. Levels of the impurities and other characteristics 

of the feeds are summarised in Table 3-1. Reported selectivities for the product in 

relation to the impurities were calculated based on low-loading CIEX 

chromatography experiments (< 10 g/L of resin), eluting the proteins with a shallow 

salt gradient (< 15 mM/CV). Formulas for the calculation are provided in 

Appendix B.1. Selectivities gave an estimation for the difficulty of the separation 

in terms of retention times and for the selected resin chemistries, mobile phases and 

flow rates. The preparative chromatograms in Figure 3-3 were obtained during the 

early phase of optimisation and further underline the complexity of the investigated 

separations. High-level stability studies are presented in the Appendix B.2. These 

were conducted for Feeds I and II for which limited data was available and 

demonstrated stability for the used buffer conditions and storage times. 

Table 3-1. Characteristics of final selected feeds. ‒ Monomer purity of spiked mAbs > 98 %. 
Impurity levels were measured by analytical HPLC; feed concentrations were determined 
spectrophotometrically (Materials and Methods, Section 2.7). n ‒ number of samples. 

 Concentration  
at pH 5, g/L 

Impurity 
levels, % 

Type of impurity Selectivity  

Feed I 5.3 ± 0.24 
(n = 8) 
 

5.8 ± 0.42 Product aggregate not determined 

Feed II 8.6 ± 0.15 
(n = 48) 

7.5 ± 0.46 
9.1 ± 0.51 
 

Product aggregate 
Spiked mAb 

1.2 
1.2 

Feed III 11.0 ± 0.18 
(n = 48) 

8.7 ± 0.32 
6.5 ± 0.44  

Spiked mAb 
Spiked mAb 

1.2 
1.1 
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Figure 3-3. Preparative chromatograms of the feeds used during the case studies, obtained during 
the initial optimisation phases. ‒ a) Feed I: 19 g/L loading, step elution gradient at 173 mM salt, 
pH 5.2; 4 mL Capto SP ImpRes column with 20 cm bed height; b) Feed II: 25 g/L loading, linear 
gradient with 25 mM initial salt, 12.5 mM/CV gradient slope; 5 mL Eshmuno CPX column with 
10 cm bed height; c) Feed III: 50 g/L loading, linear gradient with 40 mM initial salt, 20 mM/CV 
gradient slope; 5 mL Capto SP ImpRes column with 10 cm bed height. Start of elution at 0 CV. 
Product pools for fixed cut points (a) and for ≥ 95 % purity target (b, c) marked by vertical dotted 
lines. ▬ Total Protein, ▬ Product, ▬ ▬ Impurities, ▬ Salt gradient. 

3.4 Forced aggregation of Feed I 

Protein aggregation in Feed I was achieved by exposure to visible light in a light 

chamber with a Xenon lamp emitting light at 500 nm/Lux (Atlas Suntest, Illinois, 

USA). Batches of 200 mL load material (10 glass vials of 20 mL at full capacity of 

the light chamber), pH 5 were generated on a daily basis after 15 h exposure to 

visible light and pooled where possible with previous load batches. 
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3.5 Summary 

This chapter described the various aspects and challenges that were involved in the 

selection of appropriate feedstocks for the three case studies presented in this thesis. 

The selection of feeds was an essential part in the design of the case studies, to 

provide reproducible results and increase understanding of experimental 

optimisation methods during the development of chromatography processes. The 

characteristics of the selected feeds were summarised including initial preparative 

chromatograms, and these form a basis for the detailed experimental investigations 

in the following chapters. 
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4 Simplex and DoE Optimisation in Context 

4.1 Introduction 

Since their publication in the 1960s, simplex methods have been often overlooked 

as a tool for experimental optimisation, especially in process development related 

areas. It is more recently that attention has been refocussed by researchers at UCL 

suggesting the simplex as a resource saving and effective method for the early stage 

optimisation of process steps concerned with protein purification (Chhatre, 

Konstantinidis, et al. 2011; Konstantinidis et al. 2012; Wu and Zhou 2013; 

Konstantinidis et al. 2016; Konstantinidis, Titchener-Hooker, and Velayudhan 

2017). This chapter describes how the research embodied in this thesis was first 

approached by applying the Nelder-Mead simplex for the experimental 

optimisation of preparative CIEX chromatography to the purification of a 

therapeutic mAb. The aim of this case study was to introduce the simplex and gain 

familiarity of the technique as a proof of principle. This involved making initial 

observations and understanding practical constraints that would inform future case 

studies that were more complex in nature. A DoE perspective was explored briefly 

to compare both experimental optimisation strategies and highlight how the 

methods explore the experimental parameter space. 

4.2 Case study design 

For the clearance of aggregate from monomeric product, CIEX chromatography 

was performed in step elution mode at laboratory-scale. The effects of elution pH, 

elution buffer concentration and loading were investigated to determine the best 

trade-off between yield and monomer purity. The experiments were conducted with 

a 3.93 mL Capto SP ImpRes column, equilibrated using a proprietary, low ionic 

strength mobile phase at pH 5. Feed I with aggregate levels of 6 % was employed 

as the load material, posing a binary separation problem (Feed Mixtures, 

Section 3.3). Operating ranges for the input parameters were defined based on 
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previous experience and knowledge within the company. The following ranges 

were applied: loading (15…30) g/L of resin, elution buffer pH (4.6…5.4) and salt 

concentrations of (130…360) mM. Due to inherent measurement inaccuracies pH 

was altered in 0.1 increments. The chosen range for loading represented the 

standard range defined by manufacturing. The three-dimensional space spanned by 

the input parameters and their ranges which also reflect the parameter boundaries 

shall hereafter be referred to as the experimental space. Both the simplex and DoE 

study were set up within this space. During step elution, fixed pools were collected 

for as long as the UV signal measured at 280 nm remained above 300 mAU, applied 

to the front and tail end of the elution peak. The pool cut times were not subject to 

the optimisation. 

4.2.1 Simplex set-up 

The simplex algorithm (Materials and Methods, Section 2.8.3) was implemented in 

an interactive version using VBA in Excel. This enabled the operator to follow the 

simplex’ movements and manually manipulate the simplex if indicated, i.e. to direct 

and restrict the algorithm to handle boundaries of the experimental space. A penalty 

was applied in the algorithm to deal with out-of-bounds conditions meaning that a 

highly undesirable output value was entered manually when the simplex suggested 

experiments outside the defined experimental space.  

Combinations of the input parameters represented one set of experimental 

conditions and formed the vertexes or corners of the simplex. The performance of 

each vertex was evaluated with respect to yield (Y) and purity (P) of the monomeric 

mAb, granting equal importance to both variables by defining the geometric mean. 

This leads to the objective function in Equation 4.1, subsequently referred to in the 

text as “objective function √(PY)”. Purity and yield were obtained directly from the 

chromatography experiments using the analytical methods and calculations 

described in Materials and Methods, Sections 2.7.1, 2.7.2 and 2.8.1. The outputs of 

each iteration were collected in the Excel program and experimental conditions for 

the next simplex iteration step proposed.  



Chapter 4 ‒ Simplex and DoE Optimisation in Context   93 
 

�!m%5�'�% L)]5�'�] �%� = �F�]�\%$ `)$'�� �%� ∙ G'%+( �%�     [4-1] 

In the three-dimensional experimental space, the simplex was initialised from four 

points. These points were selected based on initial insight gained from 

chromatography scouting runs including the mid-range of the defined experimental 

space. Figure 4-1 illustrates the initial simplex; the parameter boundaries are 

delineated by the axes or in some instances by additional lines running in parallel 

to the axes.  

4.2.2 DoE set-up 

A response surface DoE was constructed employing a three-factor central 

composite design with five centre points (CP), producing a total number of 19 runs 

(Materials and Methods, Section 2.8.5). The selected factors and responses were 

identical to the simplex study; the proposed factor levels are summarised in  

Table 4-1. Information gained during the simplex optimisation was used to choose 

factor levels which incorporated parameter ranges explored by the simplex 

algorithm and included promising areas in the high salt regime as projected by the 

simplex’ trend. A later discussion of these areas can be found in Section 4.3.1. The 

wider factor ranges were considered for the DoE design to increase the chance of 

covering the optimum. However, after executing the original design in Table 4-1, 

two factorial points in the low salt/low pH region and two of the axial points 

qualified as non-eluting conditions. The original design was therefore modified by 

moving the two axial points inside the box described by the factorial points. The 

factorial points had to be treated differently since adjustments of these points would 

necessitate a fundamental change of the underlying design structure. Whilst there 

are designs, for example D-optimal designs, that allow the exclusion of non-

accessible factor conditions (de Aguiar et al. 1995), such large alterations of the 

overall design matrix could not be realised due to limited feed resource. Therefore, 

the two missing factorial points were removed during model generation. It needs to 

be emphasised that this was only a workaround solution since discounting two out 

of eight factorial points was likely to have a negative impact on the statistical 
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properties of the design which can affect the statistical power to estimate regression 

coefficients and the predictive power of the fitted models. This is discussed in more 

detail in Section 4.3.2. Changes to the original DoE design and the location of the 

design relative to the initial simplex are visualised in Figure 4-1.  

Table 4-1. Original factor levels of the response surface DoE study. 

Factor name Unit Low level High level – Alpha + Alpha 

pH - 4.9 5.3   4.8 1 5.4 

Salt conc. mM 185 315   141 1 359 

Loading g/L of resin 16.0 24.0 13.3 26.7 

1 Original alpha levels produced non-eluting conditions during execution of the chromatography 
experiments. Alpha levels were subsequently adjusted to pH 5.0 and a salt concentration of 218 mM, 
and the new axial points at the revised conditions repeated. 

 

 

 

 

Figure 4-1. Setup for the simplex and DoE studies. – Initial simplex (○─) and input parameter 
boundaries represented by the coordinate axes or dashed lines respectively. Central composite 
design (○─) in relation to the initial simplex. Original non-eluting points in the DoE are shown as 
crosses (x). 
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4.3 Optimisation results and discussion 

4.3.1 Simplex optimisation 

The initialisation of the simplex afforded purities of 97 % to 98 % and poor yields 

between 11 % and 31 %, resulting in values of the objective function √(PY) of 32 % 

to 55 %. Subsequent movements of the simplex are demonstrated graphically in 

Figure 4-2 and in numerical form in Table 4-2. Analysis of the changes in purity 

showed an average increase by 2 % during the first reflection producing essentially 

pure monomer protein of 99.3 % purity (Figure 4-2 a). Throughout iterations 2 to 6, 

purity settled on an average value of (99.1 ± 0.3) % with regards to best performing 

vertexes per iteration. Simultaneously yields improved steadily until reaching 77 % 

after nine chromatography runs in iteration 6 (Figure 4-2 b), marking a 45 % 

improvement over the best vertex at the start of the optimisation. These large 

changes over a range of low to moderately high yields in contrast to a relatively 

constant purity response were a main driver for the objective function √(PY) (Figure 

4-2 c). Therefore, it was not surprising that the highest value for the objective 

function √(PY) (87 %) was first detected concurrently with the highest yield. In 

iteration 7, a shrink step occurred. In the new shrunken simplex, the best vertex was 

retained and the remaining vertexes were moved closer to the best vertex. This had 

the effect of directing the simplex towards increasing salt concentrations and pH 

values ≥ 5.1 in the next iteration. However due to material constraints no further 

experiments were conducted and the simplex stopped after the shrink step. 
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Figure 4-2. Movements during the simplex optimisation for different objective functions. ‒ 
a) Percentage monomer purity (P), b) Percentage monomer yield (Y), c) Objective function √(PY). 
Simplex iterations are numbered. Vertexes marked “*” indicate penalised movements. 4 mL Capto 
SP ImpRes column, 20 cm bed height. Flow rate 173 cm/h.  

* 
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Table 4-2. Numerical summary of the experimental simplex optimisation. 

Itera-
tions 

Vertex 
type1 

Input variables Output variables Objective function 

pH, 
[-] 

Conc.,
mM 

Loading, 
g/L resin  

Purity 
(P), % 

Yield 
(Y), % 

√`G √`G  
(scaled)2 

1 B 5.2 170 25.0 97.6 31.3 55.3 0.38 

 - 5.1 210 15.0 97.7 19.2 43.3 0.25 

 N 5.0 240 20.0 97.5 14.0 36.9 0.16 

 W 5.0 230 23.0 96.6 10.8 32.3 0.06 

2 R 5.2 183 17.0 99.3 49.1 69.8 0.62 

 E 5.3 160 14.0 Penalty -1 

3 R 5.3 136 18.0 98.4 34.6 58.3 0.45 

4 R 5.4 116 25.0 Penalty -1 

 C 5.2 186 17.5 99.4 57.9 75.9 0.69 

5 R 5.3 167 10.0 Penalty -1 

 C 5.3 168 13.8 98.8 72.2 84.5 0.74 

6 R 5.1 223 14.2 Penalty -1 

 C 5.1 201 15.1 98.9 76.5 87.0 0.78 

7 S2 5.2 194 16.3 99.2 66.9 81.5 0.74 

 S3 5.2 192 16.1 99.3 63.1 79.2 0.72 

 S4 5.2 184 14.4 Penalty -1 

1 Vertex types specify ranking with regards to the objective function or type of movement. Rankings: 
B “best”, N “next-to-the-worst”, W “worst”; Movements: R “reflection”, E “expansion”, 
C “contraction”, S “shrink”. 

2 In the scaled version of the objective function √(PY), the individual responses P and Y have been 
scaled to [0, 1] on the following intervals: 94 % ≤ P ≤ 100 % and 10 % ≤ Y ≤ 100 %. Lower 
endpoints are based on the purity of the feed and the lowest yield in the initial simplex.  

 

Behaviour along boundaries 

Simplex moves suggesting the crossing of pre-defined boundaries of the 

experimental space were treated with penalties, meaning an out-of-bound vertex 

was assigned an unfavourable value for the objective function which prompted the 

simplex to contract away from the boundary. Penalties are referenced in Table 4-2 

and illustrated as empty circles in Figure 4-2. When inspecting Table 4-2 for 

boundary violations, a high incidence of cases related to loadings ≤ 15 g/L of resin 

becomes apparent. Although the loading boundary was not strictly fixed, i.e. it was 

theoretically possible to inject less material onto the column, there are economic 
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reasons to set a lower threshold value. Whilst low loading is often associated with 

a positive impact on the separation, the capacity of the column is not adequately 

utilised. As a result, multiple chromatography cycles might become necessary, 

leading to increased buffer consumption, processing time and higher cost of goods 

(CoGs).  

Convergence behaviour 

In the case study the simplex was halted early due to material constraints. Resource 

limitations are a common concern in early stage development and it will therefore 

be of interest to deduce some knowledge about convergence from the available data. 

Figure 4-3 depicts the best vertexes per iteration, for scaled ranges of the functions 

purity, yield and the objective function √(PY). Scaling was applied for 

comparability since the functions spanned considerably different ranges. Figure 4-3 

confirms the observations discussed earlier showing the influence yield had on the 

overall trend of the objective function √(PY). For comparison, purity mainly 

increased in the second iteration and began to plateau considering the fluctuations 

seen after the initial increase could be explained by experimental variability. This 

is represented by error bars depicting the analytical variability obtained from 

replicate measurements of the feed with HPLC; the variability of yield was not 

determined. 

The goal of the optimisation was to maximise purity and yield together. Both 

functions were measured in percent and were therefore naturally bound. Viewed 

individually, the function optima would lie as close as possible to 100 % for an 

upper reference value. In addition, companies often define lower reference values 

for acceptable process performance, e.g. ≥ 80 % for yield (personal 

communication). The purity requirement was set to ≥ 95 % in communication with 

the industrial partner, however stricter internal criteria might be defined considering 

patient safety. Such upper and lower reference values can provide a context to 

assess convergence behaviour and gauge process performance. In the case study, 

the current best simplex vertex produced 98.9 % monomeric mAb with a product 

yield of 76.5 % at pH 5.1 and a salt concentration of ~ 200 mM (15 g/L loading). 
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Although this is a significant improvement of 5 % in monomer purity compared to 

the feed and a 45 % increase in yield compared to the best vertex during the 

initialisation, it still holds potential to increase yield further.  

 

 
Figure 4-3. Best vertex values for purity, yield and the objective function √(PY) during the 
experimental simplex optimisation. – Purity P (□─), yield Y (◊─) and the objective function √(PY) 
combining purity and yield (○─) are shown for the best performing vertex per iteration. Values are 
range scaled to [0, 1] assuming 94 % ≤ P ≤ 100 % and 10 % ≤ Y ≤ 100 %. Error bars for purity 
reflect the standard deviation for purity levels in the load using analytical HPLC. 

 

When searching for the optimum, the simplex is driven by the best performing 

vertex. This means there is a chance for converging towards an artificial optimum 

when an incorrectly good vertex was recorded, for example as a results of operator 

error or unusually high measurement error. To counteract this risk, Spendley, Hext, 

and Himsworth (1962) proposed the “k + 1 rule”. It suggests to re-measure the best 

vertex if it is retained in the highest rank for longer than (k + 1) iterations which 

will either confirm or reject the vertex in the following iteration. Conversely, an 

incorrectly poor vertex will be eliminated in the algorithm and corrected as the 

simplex continues to search for the optimum without additional need for re-

evaluation, provided the system is under adequate statistical control (the pure error 

is not excessive and the signal to noise ratio is adequate). In the case study, best 

vertexes were retained for a maximum of two and therefore less than (k + 1) 

iterations (Table 4-2). 
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Scaling of objective functions 

In the definition of the objective function in Equation 4.1, purity and yield were 

equally weighted. However, in the original unit percent, yield changed over a more 

than 20-times larger range than purity resulting in an unintended weighting effect 

where the objective function √(PY) was disproportionately dominated by yield. In 

this particular case, since the function for purity at the sampled conditions was 

mainly flat (Figure 4-3), unequal weighting did not impact the vertex ranking of the 

original relative to the scaled objective function √(PY) in Table 4-2. For other 

optimisation scenarios where more complex objective functions with unknown 

ranges are utilised it can be difficult to detect and predict weighting effects. In this 

situation it might be advisable to set constraints for the output variables, for example 

a lower acceptance threshold of 95 % for product purity.  

4.3.2 DoE model generation and diagnostics 

Experimental data generated during the DoE study (Table 4-3) was used to build 

quadratic hierarchical models for the individual responses of purity and yield, 

selecting significant terms using a backwards selection approach based on p-

values < 0.1. Since both responses were bound between 0 and 100 %, a logit 

transformation was performed. The resulting models in Table 4-4 and Figure 4-5 

were significant, demonstrating a linear relationship for purity and a quadratic 

relationship for yield with regards to pH and salt concentration of the elution buffer. 

Loading was not found to be a statistically significant factor for either of the 

responses.  
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Table 4-3. Central composite DoE design with five centre points.

  Factors Responses 

Point type pH Salt conc., 
mM 

Loading, 
g/L resin 

Yield, 
% 

Purity, 
% 

Axial 5.1 359 20.0 87.5 93.8 

Axial 1 5.0 250 20.0 38.1 98.3 

Factorial 5.3 315 24.0 95.1 91.5 

Factorial 2 4.9 185 16.0 - - 

Centre 5.1 250 20.0 87.0 97.7 

Axial 5.1 250 13.3 87.3 98.1 

Axial 5.1 250 26.7 86.8 96.9 

Factorial 5.3 185 24.0 85.9 97.0 

Axial 1 5.1 218 20.0 56.4 99.5 

Factorial 4.9 315 24.0 75.9 98.7 

Centre 5.1 250 20.0 87.4 97.6 

Factorial 2 4.9 185 24.0 - - 

Centre 5.1 250 20.0 87.4 97.6 

Centre 5.1 250 20.0 87.4 97.5 

Centre 5.1 250 20.0 87.0 97.6 

Axial 5.4 250 20.0 92.7 92.2 

Factorial 4.9 315 16.0 70.5 99.3 

Factorial 5.3 315 16.0 90.0 92.0 

Factorial 5.3 185 16.0 85.5 97.8 

1 Modified axial points, moved inside the factorial design box to achieve protein elution. 
2 Non-eluting factorial points were discounted during model generation. 

Table 4-4. Response surface model terms and statistics for monomer purity. 

Factor Coefficient estimate Standard error p-value VIF 

Intercept   3.935 0.1070 - - 

A-pH -1.011 0.1502 9.62E-06 1.11 

B-Salt conc. -0.637 0.1456 6.35E-04 1.11 

Note: Analysis based on scaled factors: low factor level at -1, high factor level at +1. Response is 
logit transformed for 0 to 100 %. VIF: variance inflation factor. 
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Table 4-5. Response surface model terms and statistics for yield. 

Factor Coefficient estimate Standard error p-value VIF 

Intercept   1.895 0.1223 - - 

A-pH   3.052 0.3776 5.93E-06 10.79 

B-Salt conc.   2.628 0.3795 2.50E-05 11.60 

AB -2.320 0.4031 1.27E-04   8.89 

A^2 -1.550 0.2695 1.28E-04   4.74 

B^2 -1.404 0.2466 1.39E-04   5.32 

Note: Analysis based on scaled factors: low factor level at -1, high factor level at +1. Response is 
logit transformed for 0 to 100 %. VIF: variance inflation factor. 

 

Table 4-6. R2 coefficients for models of purity and yield. 

R2 coefficient Purity Yield 

R2 0.78 0.89 

Adjusted R2 0.75 0.84 

Predicted R2 0.70 0.25 

 

Analysis of the R2 coefficients in Table 4-6 revealed good agreement and acceptable 

values for the adjusted and predicted R2 with one exception ‒ the predicted R2 for 

yield was noticeably small in comparison to the adjusted R2. This presents a risk 

that even if the model fits the data sufficiently well, given the adjusted R2 is high, 

the model might exercise poor predictive capability. In the presented study, a low 

value for predicted R2 could be a potential consequence of altering the original 

design by relocating two axial points and discounting the factorial points in the low 

pH/low salt corner of the design. Therefore, orthogonality of the design – a property 

that allows estimating the model coefficients independently – no longer holds. The 

variance inflation factor (VIF) is a measure that informs about collinearities as a 

result of high factor correlation between the independent variables. It describes the 

degree of inflation in the variance of the model term compared to that generated in 

a design that is orthogonal. When a factor in a model is orthogonal, or uncorrelated, 

to all other factors in that model the VIF equals unity. Conversely, highly correlated 

variables that exhibit multicollinearity lead to difficulties estimating stable model 

coefficients. As a rule of thumb, VIF > 10 which was observed in this DoE study 
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(compare Table 4-5) implies a reduced ability to estimate factor coefficients due to 

multicollinearity between factors.  

Another measure of model quality is lack of fit. The lack-of-fit test compares the 

variance captured by the model with random experimental uncertainty. This is 

achieved by assessing the difference between actual and predicted values 

(residuals) with regards to the pure error of the replicate points. Lack of fit was 

statistically significant with p-values < 0.0001 for both models which shall be 

discussed further in the context of residuals. Figure 4-4 depicts the response surface 

models for purity and yield as a function of the significant factors pH and salt 

concentration over the tested ranges. In addition, experimental data generated 

during the simplex and the DoE study are shown. The residuals are illustrated by 

perpendicular lines. For both models, the residuals spread below and above the 

response surfaces without a particular trend or recognisable pattern. However, in 

Figure 4-4 b the absolute value of the residuals (irrespective of direction) along the 

sides of the response model for yield are noticeably larger than the residuals near 

the optimum at the top of the surface. This non-uniform distribution of residuals 

across the factor space may be attributed with heteroscedastic noise which is more 

common when large ranges of the factors are considered (Walters et al. 1991). To 

illustrate this, we consider the varying slopes across the response surface for yield. 

On the sides of the surface, the slopes are steep meaning a small change in the 

factors contributes to a larger proportion of noise to the response than in the region 

with shallower slopes near the optimum. Most standard statistical procedures, 

however, work best under the assumption of homoscedastic noise which is often a 

good enough approximation for smaller factor spaces for example in proximity of 

the optimum. This assumption can be compounded when models for large factor 

spaces are generated. The logit transformation applied to the data in the DoE study 

helps to rectify the issue. 
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Figure 4-4. Response surface models for purity and yield. ‒ Experimental data points: ○ Simplex, 
+ DoE data. Residuals are visualised as perpendicular lines. Contour lines near the optimum are 
projected onto the x-y-plane. The arrow points at the location of the centre points.  
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As discussed earlier, the lack-of-fit test takes into account the variation of the CP 

replicates. As can be seen in Figure 4-4 the CP in this study are located in the upper 

area of the response surfaces. Variation between the CP values compared to other 

factor combinations in Table 4-3 is very low with standard deviations of sP = 0.07 

and sY = 0.21. Therefore, it may be concluded that that the lack-of-fit test is over-

sensitive and hence the significant lack-of-fit test result is an artefact due to the low 

variability measured at the CP.  

Consulting the statistical model diagnostics is an important step in assessing model 

quality. Together with the graphical inspection of the experimental data in relation 

with the response surface models as well as general scientific understanding of 

chromatography, the models were deemed acceptable for the purpose of the study 

which was to compare DoE and simplex workflows for optimisation. 

4.3.3 DoE optimisation 

To determine the optimum of the objective function √(PY), the response surface 

was modelled by taking the geometric mean of the individual models for purity and 

yield. The resulting model for the response √(PY) is visualised for the significant 

factors pH and salt concentration in Figure 4-5. In the view of Figure 4-5a, the 

optimum presents itself as a flat region with steep slopes around the edges. Values 

of the objective function varied from 96.0 to 96.4 % in the best performing area 

indicated in dark shades of red. To identify an operating sweet spot not only the 

shape of the objective function √(PY) but additional process constraints were taken 

into consideration. Among typical process constraints, purity takes a pivotal role 

when trade-off decisions are to be made since it is a quality attribute that is directly 

linked to patient safety. Yield is an important parameter related to process economy. 

In this case study, desirable targets for monomer purity and yield were set to ≥ 95 % 

and ≥ 90 %, respectively. The operational sweet spot needed to ensure these 

constraints were met with some safety margin, defining an operational window that 

also accounted for some variability in the input parameters.  
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By creating an overlay plot of the response surface model for √(PY) and of the 

isolines for purity and yield, an operational window could be selected graphically 

in an area which delivered high process performance whilst providing a minimum 

purity and yield. In Figure 4-5b, the intersection of the yield and purity isolines at 

90 % (Y) and 98 % (P) where both constraints were satisfied simultaneously was 

used as a reference point. The size of the operational window reflected the 

variability assumed for the inputs. This led to the definition of the following 

operating window: pH (5.10 ± 0.05) and salt concentration (300 ± 20) mM, 

producing purities of (95…98) % and yields of (90…96) %. To confirm the 

operating window, a portion of the feed material should ideally be dedicated for 

verification runs which would be highly recommended due to the limitations of the 

model discussed in Section 4.3.2. 

a) b)  

  

Figure 4-5. Response surface for the objective function √(PY) and suggested location of the 
operating window. ‒ Overlay of the response surface for √(PY) with selected percent isolines for 
monomer purity (- -) and yield (‒) in overview (a) and zoomed view (b). The operating window 
around the midpoint is depicted as a white box (zoomed view in b). 

4.3.4 Optimisation with simplex and DoE in context 

To discuss the Nelder-Mead simplex and DoE as methodologies for process 

optimisation in context, Figure 4-6 illustrates the path the simplex took during the 

optimisation of the objective function √(PY) paired with the response surface model 

for the same function from the DoE study. It can be seen that the simplex climbed 
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the steep side of the underlying but unknown response surface, efficiently 

navigating the eluting regions of the space in nine experiments; non-eluting 

conditions were not attempted. Thereby, the simplex vertexes closely simulated the 

local response surface in a tangential planar approximation. This stresses an 

advantageous feature of the simplex where the variable size implementation can be 

successfully used to search wide experimental spaces and will naturally adjust to 

the underlying response surface, using accumulated information from tested 

conditions to focus on promising regions whilst pulling away from undesirable 

regions such as non-eluting conditions. In comparison to the DoE approach, the 

simplex search does not rely on a pre-defined structure (design matrix) and model 

regression in order for the simplex to find a preferred operating region. If the models 

constructed during a DoE study are found to be statistically unfit, or are shown not 

to include the optimum, further laboratory experiments at additional test conditions 

would be required. This can be problematic in the very early stage of process 

development where resources and time are limited.  

Figure 4-6 sheds some light on simplex convergence. The simplex was stopped on 

the steep side of the response surface. In the shallower area at the top of the response 

surface it is anticipated that the simplex would adjust its size according with the 

lesser prominent trends in the region and take small steps towards the optimum. 

Here lies a strength of DoE: once the simplex has narrowed down the search space 

and entered a promising operating area, a small DoE design can be employed to 

predict the response surface including the optimum more accurately. Another 

advantage of using DoE near the optimum is the level of process information and 

information regarding factor interactions that it can provide. This is particularly 

important as development activities are carried out at the later stages of process 

development (see Section 1.4.1).  
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Figure 4-6. Response surface model for the objective function √(PY) and path searched by the 
simplex. - In addition to the model √(PY), the simplexes generated during the optimisation are 
visualised as connected points. The midpoint of the operating window is depicted by “+”. Contour 
lines near the optimum are projected onto the x-y-plane.  

4.4 Conclusions 

In this chapter, two workflows were presented to determine optimal operating 

conditions for the purification of a binary mAb feed with chromatography using the 

simplex method and DoE as a recognised method in bioprocess development. 

Although the scope of the study was compromised by feed material limitations, 

major elements of the methods and workflows were discussed and illustrated. The 

case study described how the simplex method was set up and a constrained 

experimental search space defined. Aspects of function scaling and convergence 

were discussed for an objective function that combined yield and purity in equal 

terms. Overall, the simplex was demonstrated as an effective and easy-to-use tool 

to find an area of improved process performance at low experimental cost and with 

minimal need of a-priori process insight – a property that is particularly valuable 

for the early stage of process development. 
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For comparison, a DoE study was set up extending upon the simplex searched areas 

using a standard central composite response surface design commonly used for 

process optimisation. This type of design with a factorial basis was found to have 

limitations for factors such as pH that can substantially alter antibody binding 

behaviour to the column, and where wide factor ranges are to be considered. This 

resulted in non-accessible, non-eluting points in the factorial design whose impact 

on the ability to regress statistically sound models was highlighted and discussed. 

Following evaluation of the model diagnostics and response surface plots, the 

generated models were considered for further study of process performance sweet 

spots. An operational window was provisionally defined for pH (5.10 ± 0.05) and 

salt concentration (300 ± 20) mM, predicting purities of (95…98) % and yields of 

(90…96) %, subject to experimental verification runs.  

A response surface modelling approach based on DoE can provide information 

about the influence of factors and their interactions on process performance. The 

degree of process information which can be obtained from DoE is one advantage 

of this statistical modelling technique. In the case study, loading was not found to 

be a statistically significant factor which suggests that larger loading ranges may be 

considered in subsequent case studies. pH was a major factor determining process 

performance but was also found to constrain a response surface modelling approach 

employing central composite designs. Therefore, it may be advisable to scout for 

adequate binding conditions in separate preliminary experiments. Both 

optimisation approaches, the simplex and DoE, showed that in the case study purity 

compared to yield was described by a rather flat function. In addition to the fact that 

purity plays a critical role for product quality and safety, this dependent variable 

could therefore be considered for implementation as a process constraint.   

Overall, the outcome of this case study emphasises the capacity of the simplex to 

efficiently search the feasible regions of wide experimental spaces even if areas of 

the space are not fully accessible. This strength of the simplex can be used to 

identify promising operating regions early on during development using a small 

number of runs. In contrast, DoE employs a structured design space mapping that 
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can deliver more detailed information about process behaviour and factor 

interactions near the optimum – a quality that becomes particularly important in 

subsequent characterisation studies during later development stages, for example 

following the identification of a feasible operating region by the simplex. 
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5 Simplex-Based Hybrid Optimisation 

5.1 Introduction 

As an integral part of many mAb platforms, ion-exchange chromatography is 

typically used to reduce the amount of impurities with similar physicochemical 

properties to the product. Efforts to develop polishing chromatography steps for the 

clearance of product-related impurities commonly target lower and higher 

molecular weight compounds (fragments, aggregates) and process-related host cell 

proteins (Borg et al. 2014; Kumar, Bhalla, and Rathore 2014; Petroff et al. 2016; 

Xu, Li, and Zhou 2012). Other examples include the selective separation of charged 

antibody variants (Kateja et al. 2017; Vetter et al. 2014), or different configurations 

in bispecific antibody feeds (Kimerer et al. 2019; Andrade et al. 2019). These 

studies represent recent published literature in the field of polishing ion-exchange 

chromatography; in these examples the separation of pharmaceutical antibodies 

from feeds comprising three or more compounds is rare. Particularly in research-

centred environments, it is more often the case that ternary mixtures composed of 

non-mAb proteins and biomolecules are employed, for example to study model-

based optimisation approaches (Huuk et al. 2014; Nfor et al. 2011; Freier and von 

Lieres 2017).  

The case study presented in this chapter contributes to the body of literature by 

demonstrating an optimisation strategy for the separation of a challenging ternary 

mixture of a pharmaceutical mAb with CIEX chromatography. It combines the 

simplex algorithm as an entirely model-free optimisation method with local fitting 

as a second element. The developed hybrid approach is shown to be very effective 

in identifying favourable operating conditions for loading and the elution conditions 

to maximise the productivity of the chromatography step.  

In comparison to the previous case study in Chapter 4, the complexity of the 

separation was increased by introducing a ternary feedstock with a second impurity 

on the opposite site of the product peak in the CIEX chromatogram. This separation 
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naturally lent itself to operation in gradient mode. As metrics for the optimisation, 

recovered product mass as well as cycle time were included in the objective 

function, whilst lower limits for purity and yield of the monomeric product were 

controlled by constraints. It was previously shown in Chapter 4 how the selected 

inputs and their ranges led to an experimental space that was not fully accessible 

due to non-eluting conditions. For this study, the combination of inputs (loading, 

slope, initial salt concentration of the elution gradient) over large parameter ranges 

also revealed interesting and unexpected features in the experimental space. For 

some parameter combinations, product breakthrough formed a boundary that 

reduced the permissible regions of the space. This breakthrough constraint, in 

addition to the constraints for purity and yield, were shown to play a major role 

during this optimisation. 

Starting with limited process knowledge and resource, the described hybrid 

approach facilitated the generation of a large knowledge space. The data could be 

further exploited with Monte Carlo simulations to suggest a robust and high-

performing design space early on during process development with high potential 

to benefit subsequent development activities. Therefore, the proposed optimisation 

strategy is of particular interest for the early stage of process development. The 

following sections of Chapter 5 were published during the course of this doctorate 

by Fischer et al. (2019)1. 

5.2 Case study design 

The case study investigates a hybrid optimisation approach of the simplex method 

and local fitting to optimise the loading and elution conditions of a pharmaceutical 

mAb with bind-and-elute cation-exchange chromatography, operated in gradient 

elution mode. The objective of this optimisation was to determine the input 

                                                 
1 Fischer, V., R. Kucia-Tran, W. J. Lewis, and A. Velayudhan. 2019. 'Hybrid optimization of 
preparative chromatography for a ternary monoclonal antibody mixture', Biotechnology 
Progress, 35: e2849. 
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parameter settings that maximise the productivity of the separation. Further 

information on the feed material and experiments is provided below.  

5.2.1 Feed material 

The feed was a three-component system including the product of interest, an IgG 

type mAb, with aggregate levels of ~ 8 % and a lesser-retained impurity at ~ 9 % 

concentration. This second impurity, a mAb with 98 % monomer purity, was added 

to the feed to create the ternary feedstock named Feed II in Section 3.3. For the 

chromatography experiments, the feed was adjusted to pH 5.0 and had a total 

protein concentration of 8.6 g/L.  

5.2.2 Chromatography experiments  

Eshmuno CPX, a strong cation exchanger, was selected following the scouting of 

potentially suitable cation and anion-exchange as well as mixed mode resins. The 

related scouting activities have been previously described in the context of the feed 

selection process (Chapter 3). Whereas general details on the chromatographic 

methods can be found in Materials and Methods, Sections 2.2 to 2.5, specific 

information is reiterated here. The experiments were performed at laboratory-scale 

using pre-packed columns of 5.03 mL column volume, 0.8 cm inner diameter and 

10 cm bed height. For the mobile phase, a proprietary Na acetate buffer system at 

pH 5 with low conductivity was used. During the elution salt levels were increased 

employing a linear gradient. The gradient slope as well as the initial salt 

concentration at the start of the gradient were varied during the optimisation. 

Adjustments of the initial salt level were achieved with a post-load re-equilibration 

step following sample injection. The flow rate was 200 cm/h in all steps but reduced 

to 100 cm/h during column loading. During the elution phase, 1 mL fractions were 

collected in 96-well deep well plates and analysed for the concentration and purity 

profile. Total protein concentrations were determined spectrophotometrically using 

a Tecan Infinite plate reader; purity was assessed by SE-HPLC. The analytical 

methods are detailed in Section 2.7. The mass balances for the total recovered 

protein mass throughout the elution and during the re-equilibration wash step were 

tested to be accurate with an average mass balance of (97 ± 2) %. 
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5.2.3 Objective function  

The objective of the optimisation was to maximise the productivity of the CIEX 

chromatography step by finding an optimal window of operation for the three input 

variables column loading, the salt concentration at the start of the gradient (further 

referred to as “initial salt”) and the gradient slope. In ion-exchange gradient elution, 

once an operating pH has been selected, these inputs are often the most influential 

parameters in preparative chromatography and are thus investigated and optimised 

most commonly during early stage purification development (Fahrner et al. 2001; 

Guiochon and Beaver 2011). The functional relationship is expressed in 

Equation 5.1 as maximising the recovered mass of the monomeric mAb whilst 

minimising the time required per chromatography cycle for the given inputs: 

 

max L04�*(']�, r]'�'*+ �*+�, �+��%2  = \*� p McZca}y �d;;  
T�kb} �Pa} q    [5.1] 

 

During the simplex optimisation phase a modified objective function, measured in 

[mg/min], with higher sensitivity for yield was employed (Equation 5.2): 

 

max L04�*(']�, r]'�'*+ �*+�, �+��%2∗ = \*� p McZca}y �d;; ∙ McZca}y  P}be  
T�kb} �Pa} q  

 [5.2] 

Felinger and Guiochon (1998) proposed that this modification of the objective 

function for productivity may be beneficial in obtaining an optimum close to 

maximum productivity whilst also providing a reasonable yield. In the text, the 

objective functions (Equations 5.1 and 5.2) will subsequently be referred to as M/T 

and MY/T respectively.  

Values of the objective function M/T were recorded in units of productivity, scaled 

to the volume of the column as [g] of product per [h] and [L] of resin. The monomer 

yield was calculated as the percentage of mass of the monomer protein recovered 

in the pool per total mass of protein loaded. The definitions of product mass, yield 

and monomer purity can be found in the general description of objective functions 
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for chromatography in Materials and Methods, Section 2.8.1. In both equations, 

cycle time defined the time from the start of the pre-load equilibration phase until 

the time point when the last fraction of interest in the elution pool was collected. It 

was therefore directly influence by the applied pooling procedure, excluding the 

cleaning and storage steps which are not normally on the critical path involved in 

the making of the product. The relationship between pool size and cycle time is 

illustrated in Figure 5-1. 

 

 

Figure 5-1. Cycle times for optimal pool cut points, maximising recovered product mass for 
monomer purities ≥ 95 %. ‒ The input variables for loading and the shape of the gradient lead to 
different optimal pools (dotted vertical lines). Shown is the total protein concentration for two 
example chromatograms and different applied gradients (blue, green). 

A dynamic pooling routine (Materials and Methods, Section 2.8.2) was used to 

determine the final product pool. The pool size played a central role and constituted 

an intermediate level of optimisation, affecting the cycle time as well as monomer 

purity and yield. The optimisation systematically removed an increasing number of 

fractions from both ends of the elution peak, calculating and selecting the pool that 

maximised product mass and simultaneously met or exceeded the purity target. The 

pooling process indicates that purity was not an optimisation variable (compare 

Cycle Time 

Cycle Time 
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Chapter 4) and instead functioned as a global constraint. This means further 

constraints were only applied on the basis that the purity of the elution pool was at 

least 95 %, with the exception of Section 5.4.4 where the sensitivity of the objective 

function to different levels of purity was studied. Treating purity as a global 

constraint had the benefit that the objective function could be directly interpreted 

with regards to process performance (productivity). Moreover, the implementation 

as a global constraint also took care of the fact that compromises must not be made 

for purity to ensure product safety. 

5.3 Overview of the hybrid approach 

The hybrid approach consisted of two main stages: 

i)  Adaptive simplex optimisation, 

ii)  Exploratory stage with local fitting (regression of experimental data). 

At the first stage, the simplex method (Materials and Methods, Section 2.8.3) was 

used to rapidly move towards promising parameter conditions. This stage exploits 

the strength of the simplex algorithm to explore multidimensional spaces efficiently 

and at low experimental cost of one or two additional experiments per iteration. 

This is a particularly interesting property for the early stage of process development, 

as has been previously illustrated in Chapter 4. The case study presented here goes 

further to demonstrate and emphasise the flexibility of iterative simplex-based 

workflows. In analogy to the case study in Chapter 4, and as will be highlighted in 

further detail in the results section, the simplex was initiated within a restricted 

search space assuming ranges for the operational parameters that represented 

typical, though nonetheless conservative, values for the operation of a difficult 

CIEX step. These ranges provided a starting point for the optimisation since process 

understanding during this early development phase was limited. As the simplex 

searches the experimental space, it delivers new information that can be used 

immediately allowing the experimenter to interact directly with the simplex. For 

example, if the past few runs seem to indicate slow progress in a region where the 

performance is not high, the current simplex can be stopped, and a new simplex 
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started elsewhere. Moreover, as will be seen in this study, parameter ranges can be 

re-defined and tools such as local fitting integrated into a dynamic workflow.  

Local fitting, the second element of this hybrid method, describes the regression of 

experimental data (Materials and Methods, Section 2.8.4). It was used to visualise 

trends in the experimental space under investigation. The regression models were 

progressively refined using the data points delivered by the simplex and by picking 

additional data points following the simplex’ trend and along the boundaries or 

extremes of the experimental space, subsequently referred to exploratory points. It 

should be noted that a limited amount of data points from a partial DoE study were 

also included during model regression. The DoE study was started for comparison 

purposes but not completed as it was soon realised that the performance of the first 

few design points was poor compared to the simplex points. The subset delivered 

five points in total (Appendix C.1). This small number of points did not play a major 

role in the overall modelling process but since the hybrid approach was designed to 

take all forms of experimental data, it could still contribute to refine the regression 

models at the exploratory second stage. 

In the case study, it will be seen that the rapid adaptation of the hybrid method to 

the locus of product breakthrough was critical to rapid optimisation. The results and 

some general implications of the approach are discussed in Sections 5.4 and 5.5. In 

a separate follow-up study (Section 5.6), Monte Carlo simulations were used with 

the regression models to investigate trade-offs and robustness of the objective 

function with the aim to select an optimal window of operation. 

5.4 Optimisation results and discussion 

5.4.1 Adaptive simplex optimisation 

In the initial phase of the optimisation, the experimental search space was defined 

for conservative values of the input variables to account for the difficulty of the 

separation and to provide a starting point for the optimisation. Consequently, the 

input variables were defined for intervals of (10...50) mM/CV gradient slope, 
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(25…50) mM initial salt, and (15…40) g/L of resin for column loading. The input 

variables created a three-dimensional space in which the simplex was initialised 

from the four connected points labelled with “1” in Figure 5-2a. The first vertex, 

located at average loading accompanied by a long and shallow gradient, was 

adopted from earlier resin scouting studies. The remaining three simplex vertexes 

were scattered around this point. During the first stage of the optimisation, the 

simplex was driven by the objective function MY/T (Equation 5.2). The added 

emphasise on yield was intended to increase the sensitivity of the optimum granting 

recovered product mass a higher importance or weighting over time. 

 

  

Figure 5-2. Phases of the hybrid optimisation method. – a) Simplex optimisation for the constrained 
ranges of the input variables, visualised by the axes. Simplex vertexes are numbered progressively. 
The initial simplex vertexes are connected by dashed lines and labelled with “1”. b) Second stage of 
the optimisation, opening-up the search space that is gradually populated with potential points of 
interest (empty circles) in addition to the simplex points (filled circles). Areas of product 
breakthrough are divided by the grey shaded area. Values of the objective function MY/T based on 
a purity target of ≥ 95 % monomer are represented on a heat-scale in mg/min. Eshmuno CPX column 
(5 mL CV, 10 cm bed height); flow rate 100 cm/h (loading), 200 cm/h (wash, elution). 

During the simplex-dominated phase, the simplex searched 54 % of the permitted 

space in ten iterations leading to the numbered path in Figure 5-2a. This information 

is supported by the tabulated experimental data and individual measurements for 

monomer mass, yield and cycle time in Appendix C.2. Throughout the optimisation, 

the simplex steadily increased values of loading, building a sufficiently large data 

set in the first four iterations to encourage loosening the loading boundary of 40 g/L 

from iteration five onwards. An interim assessment in iteration five revealed that 
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the simplex repeatedly sampled areas of < 70 % yield in favour of increasing slopes 

and reduced cycle times. It was therefore decided to introduce a constraint of 

≥ 70 % yield and to reinitialise the simplex from four conditions which previously 

achieved yields above the newly defined target (existing points 1B, 1N, 1W and 2 

in Figure 5-2a). Such adjustments to the input and output variable ranges were 

easily implemented in the simplex method and are indicative of the simplex’s 

flexibility and ability to adapt to varying experimental spaces as more process 

insight is gained. In the following iterations, the objective function value increased 

by 19 % comparing the best performing vertex in the initial simplex and the 

reflection vertex in iteration ten whilst maintaining yields above 70 %. This 

moderate increase in productivity led to the identification of an operating “sweet 

spot” close to the boundaries of the constrained space in a total number of 13 

chromatography experiments. However, an internal optimum could not be 

determined within the boundaries of the predefined experimental space and against 

initial expectations. The simplex was halted because no further improvement of the 

objective function was expected within the set input parameter ranges. 

5.4.2 Hybrid optimisation with local fitting  

The simplex optimisation facilitated two major observations ‒ significantly larger 

ranges of the input variables had to be considered to locate the optimum against 

initial assumptions; and the objective function indicated a positive trend associated 

with high column loading. These observations motivated the decision to widen the 

experimental space beyond the input variable ranges applied during the simplex 

search. The rapid exploration of this resulting vast experimental space was the key 

concern at the second stage of the hybrid optimisation. It will be seen that this was 

achieved by studying directions of high potential with local fitting and testing 

variable combinations, referred to as exploratory points, in the identified promising 

areas. The nature of these exploratory points was unstructured, providing only very 

localised information. However, by using all the available data, that is the simplex 

points and a growing number of exploratory points, local fitting enabled us to gain 

insight into underlying trends which could be employed as a guide to populate areas 

of interest.  
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The first exploratory points were collected at very high loading, following the trend 

indicated by the simplex. The process of picking points was assisted by consulting 

three-dimensional plots to visualise the local regression models for monomer mass 

and cycle time combined in the objective function M/T (Equation 5.1) and yield as 

a separate function. This is exemplified in Figure 5-3. Five points at high initial salt 

conditions were also included in the exploratory data set. These points resulted from 

a partial DoE study suggested by a standard DoE approach. As elaborated in 

Section 5.3, this DoE study was not completed since it was soon realised that the 

chosen factor ranges would be suboptimal. 

 
Figure 5-3. Examples of local fitting to select exploratory points. ‒ a) Fitted models for simplex 
data and an initial high loading point to determine further high loading points of interest. Objective 
function M/T: ■ 1.50 mg/min, ■ 1.75 mg/min; model for yield in transparent at 60 % and 70 % 
(magenta points near 70 % yield). b) Fitted models for simplex data, high loading points and DoE 
data to determine additional very high loading and high salt points of interest. Objective function 
M/T: ■ 2.0 mg/min, ■ 2.5 mg/min; model for yield in transparent at 60 % and 70 % (magenta points 
near 60 % yield).  

Sampling in the directions of high loading and high initial salt concentrations 

resulted in an increase of the objective function. Following those trends to increase 

the objective function even further, however, inevitably led to product breakthrough 

(BT) becoming a limiting factor that re-defined the applicable experimental space. 

Therefore, further exploratory points were added one-by-one using the three-

dimensional plots exemplified in Figure 5-3 which enabled the identification of the 
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BT curve with minimal experimental effort. The final data set of 34 points and the 

BT boundary are shown in the scatter plot of Figure 5-2b. The complete exploratory 

data set is provided in Appendix C.4 

5.4.3 Visualisation of the objective function 

The final data set, that is the simplex data, available DoE data and exploratory 

points, was employed to model the best possible approximation of the objective 

function M/T. Data regression produced adequate reduced quadratic models for 

monomer mass, yield and cycle time with R2 coefficients ≥ 0.95 (adjusted and 

predicted). Details on the models, ANOVA tables and model coefficients, are given 

in Appendix E.2. By combining the recovered product mass per cycle time in one 

objective function (Equation 5.1) and handling yield separately, the interpretation 

of the objective function could be simplified and made more intuitive. As more 

process insight was generated, it also became clear that the optimum was 

disproportionally controlled by time. Therefore, the additional weighting of product 

mass given in Equation 5.2 had a negligible effect which is further discussed in 

Section 5.4.4 The objective function M/T is visualised in two dimensions in 

Figure 5-4, holding the respective third variable at three set-points. 

In Figure 5-4 the objective function is separated in two areas by the BT curve that 

defines a physical boundary highlighting a change in process behaviour. To mark 

the transition, a first order polynomial model of the inputs loading and initial salt 

was fitted for ten data points of up to 10 % BT, producing reasonable values for R2 

and adjusted R2 of 0.90 and 0.85 (Appendix C.2 and E.2). Since only a small 

window of slopes was studied with regards to BT (80 % of the BT points had slopes 

of 12 or 15 mM/CV), the BT curve is reduced to a constant straight line in those 

graphs where slope is a variable.  
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Figure 5-4. Regression models of the objective function M/T for ≥ 95 % monomer purity. – 
Dimension reduction by fixing one input variable at three set-points. Colours indicate the 
productivity in g product/(h L of resin). Contours for yield are overlaid and presented as black lines. 
The product breakthrough boundary is visualised by a single white line. Different scenarios for 
breakthrough are illustrated in lighter shades of colour: Scenario I) response unaffected by BT; 
Scenario II) worst-case of all product lost during BT is directly lost in the final product pool. 
Experimental data points are scattered in white when within a window of ± 17.5 g/L loading, 
± 30 mM initial salt and ± 5 mM/CV slope of the corresponding third variable set-point, and in grey 
otherwise. Shapes describe the origin of experimental data: ◊ Simplex points, + DoE points, 
○ Exploratory points. Experiments performed with a 5 mL Eshmuno CPX column (10 cm bed 
height) at flow rates of 100 cm/h (loading) and 200 cm/h (wash, elution). 
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To estimate the impact of BT on productivity, two extreme scenarios are presented 

Figure 5-4. Figure 5-4 (I) describes a scenario where no additional BT model is 

applied. Since the objective function model was built from 85 % of conditions with 

no or minor breakthrough (BT ≤ 1 %), this represents the best case of a process that 

is essentially unaffected by BT. Contrary, Figure 5-4 (II) captures the worst case by 

applying the BT model in such a way that all product breaking through prior to the 

start of the elution gradient is assumed to be lost in the process. Although this 

scenario can be regarded as a more realistic approximation of the objective function, 

in practice it is unlikely that the product breaking through with the lesser retained 

impurity is lost to the same extent in the final product pool, that is, if fractions 

during the post-loading wash would be allowed to count towards the product pool. 

Focussing the attention on the areas unaffected by BT in panel II of Figure 5-4, 

loading stands out as a key input variable. The trend in Figure 5-4 (II, a-c) 

demonstrates a larger incremental gain in productivity (objective function M/T) for 

loading over the initial salt concentration. The impact of loading is particularly 

appreciable by comparing the colour scales of Figure 5-4 (II, g-i). Whilst 

productivity increases with loading, yield follows an opposite trend. On 

investigation of the preparative chromatograms in Figure 5-5 (a) and (d), it is seen 

that higher loading leads to increasingly mixed fractions on either side of the 

product peak, negatively affecting the purity of the pool and consequently yield. 

Strong dependencies for yield are also related to gradient slope in Figure 5-4 (II, a-

c). As a result of steep slopes, the narrower peaks in Figure 5-5 (b) lead to a higher 

level of contamination in the fractions at both sides of the product peak and 

increased sensitivity for loading in Figure 5-4 (II, d-f). The effect of high loading is 

balanced by a reduction in cycle time. This creates a sweet spot for operating slopes 

between approximately 15 and 30 mM/CV. In addition to slope, the initial salt 

concentration effectively contributes to reducing cycle time. For the 

chromatograms in Figure 5-5 (b, c) increasing the initial salt immediately caused 

the product to elute without a delay. This effect is highly influential in shaping the 

objective function M/T that would otherwise increase (almost) linearly with 

loading.  
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Figure 5-5. Preparative chromatograms for different input variable combinations. – a) 30 g/L 
loading, 30 mM initial salt, 10 mM/CV slope; b) 30 g/L loading, 167 mM initial salt, 21.4 mM/CV; 
c) 60 g/L loading, 165 mM initial salt, 12 mM/CV slope; d) 80 g/L loading, 30 mM initial salt, 15 
mM/CV slope. The elution gradient is initiated at zero column volumes (CV). Negative CV 
correspond to the post-loading wash step that is associated with product breakthrough. Vertical lines 
describe the final product pool for ≥ 95 % purity. — Monomer, – • Impurity 1 (spiked mAb), 

– – Impurity 2 (aggregate). 5 mL Eshmuno CPX column (10 cm bed height). Flow rate 100 cm/h 
(loading) and 200 cm/h (wash, elution). 

In the sweet spot area for slopes between 15 and 30 mM/CV, it can therefore be 

summarised: process productivity is governed by the initial salt that mainly controls 

cycle time and loading that mainly controls the recovered product mass. It is these 

characteristics of the objective function that lead to an optimum that is primarily 

determined by the BT curve as a physical constraint, in addition to constraints 

imposed on yield. The level of impact of BT on productivity was a surprising 

feature of the separation and highlighted the importance of widening the input 

variable ranges for less traditionally behaved molecules to find optimal conditions, 
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even when it meant to extend the search towards the physical limits of the 

experimental space. Further analysis of the objective function will focus on the two-

dimensional plane of the input variables loading and initial salt that have shown to 

be the most influential factors in this separation. 

5.4.4 Performance and sensitivity of different objective functions  

The analysis of the regression models and visualisation of the objective function 

revealed that optimal process productivity is highly influenced by constraints for 

yield and the physical boundary of product breakthrough. The sensitivity of the 

objective function M/T with respect to those findings was investigated by studying 

the impact of varying purity targets and by considering different objective 

functions. In addition to the regression models for ≥ 95 % purity used in 

Section 5.4.3, models were built for purity targets of ≥ 90 % and ≥ 98 % in the 

product pool. These pools were simulated using the analytical information from the 

elution fractions collected during each chromatography run. As before, the obtained 

regression models for cycle time and recovered monomer mass were combined to 

construct the different objective functions.  

In panel I of Figure 5-6 the original objective function M/T is studied for stricter 

purity requirements. By raising the purity constraint, tighter pool cuts for the mixed 

fractions close to the boundaries of the pool were necessary, resulting in smaller 

pool sizes, lower yields and productivities. The effect of fraction mixing is 

enhanced at high loading, shifting the optimum leftward.  

In the objective function M 3/T of panel II (Figure 5-6), mass is prioritised over 

cycle time by assigning a higher weighting. As a result, productivity was more 

heavily dependent on loading and less on the initial salt. By comparing the columns 

of panels I and II, Figure 5-6, the additional weighting of mass pushes the optimum 

further towards high loading regimes.  

The contour plots in panel III of Figure 5-6 show the objective function for mass 

superimposed with two sets of isolines for yield and cycle time. In this arrangement, 

mass is the primary objective function whilst yield and cycle time can be interpreted 
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as constraints. The display clearly shows and confirms the two main observations 

made in Section 5.4.3, where it was concluded that loading played a primary role 

in increasing mass, and the initial salt concentration functioned predominantly to 

reduced cycle time. The impact of the initial salt was stronger than had been 

anticipated. It was critical to the curvature of the objective function M and therefore 

to the location of the optimum for the original objective function M/T.  

 

 

Figure 5-6. Specification and sensitivity of objective functions. – Dimension reduction by fixing 
the gradient slope at 15 mM/CV. Colours indicate the output levels for the three different objective 
functions on individual colour bars. Monomer yields are presented by black lines. The product 
breakthrough curve is drawn as a single white line. Cycle times are presented by white dashed lines. 
M – Monomer Mass, T – Cycle Time. Units for loading and the objective functions are per litre of 
resin. 

The objective functions used in Figure 5-6 can be practical for different purposes. 

The objective function M/T is well suited when the aim is to identify favourable 



Chapter 5 ‒ Simplex-Based Hybrid Optimisation   127 
 

operating conditions with regards to process productivity. “Process performance 

maps” can be obtained by separating the function for mass, yield and time. These 

may be easier to navigate when decisions must be made to respond to different 

processing scenarios, for example an increased purity requirement to compensate 

for potential issues with the shelf life of a drug product. In other situations, there 

may be a need to reduce cycle time, for example when scheduling experiments at 

laboratory-scale according with instrument availabilities or when considering other 

classes of therapeutics, like small molecules, with faster turnover times. Under 

these circumstances, such performance maps would enable scientists to respond 

flexibly to changing priorities in the development and supply of drug products. 

5.5 Considerations of the hybrid optimisation strategy  

The proposed hybrid optimisation method embraces the strength of the simplex to 

facilitate a data-driven holistic approach in identifying high performing operating 

regions. Advantages of the simplex algorithm stem from its ability to rapidly search 

parameter combinations following an iterative optimisation routine. The iterative 

nature of the algorithm enables the incorporation of data from different sources and 

on-the-fly suggestions, supporting a workflow that is interactive and highly 

dynamic. These properties of the simplex method also support the integration of 

other techniques such as local fitting. 

The simplex navigates a search space based on experimental data to determine a 

suitable direction that will lead to an optimum with high likelihood and accuracy. 

The performance of this optimum search is influenced by a number of factors, for 

example, the starting location, distance to the optimum and implementation of 

constraints. For noisy data, when data points have high variability, extra steps may 

be incurred to readjust the simplex’ path towards the optimum (Walters et al. 1991). 

For overall performance, a clear trend in the underlying response surface is 

favourable. Contrarily, only small changes in the objective function, or in other 

words, small changes in the gradient of the underlying response surfaces, may 

require more iterations to assess the surrounding areas before the simplex will settle 
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in a specific direction. Here, supplementing the simplex by evaluating additional 

points further away from the searched region can enhance the optimisation. Of 

particular interest are those points that produce steep changes in the objective 

function or lead to non-feasible parameter conditions. We introduced the term 

exploratory points for those supplementary points that were either hand-picked or 

selected with local fitting.  

This procedure contributes to the central idea of the hybrid approach which 

systematically takes stock of the available data at any time of the optimisation 

process to create direct process insight and guide further actions. Local fitting of 

the unstructured data is a key element of the hybrid approach. By adding 

exploratory data points, the fitted models can be progressively refined and from a 

sufficiently sized data set, models to represent the objective function can be 

generated. However, the approach here needs to be distinguished from model 

regression used in the DoE context where models are instead based on points 

selected using structured designs in a defined area of the operational space to 

enhance statistical analysis.  

For different types of optimisation problems, contributions of the simplex algorithm 

and local fitting can vary in importance. The presented study describes an 

optimisation problem that is highly controlled by constraints such as product 

breakthrough. In this special case, outlining the constraints by picking points is 

superior to delineating the boundary with the simplex method since along the 

boundary, the simplex is likely to instruct multiple movements in response to 

penalising points beyond the BT curve. Here, the BT curve was characterised with 

a small but sufficient number of exploratory points. High process productivity was 

achieved in close proximity of the BT constraint, leaving little room for further 

optimisation in this highly constrained scenario. Conceptually, the less constraint 

case is likely to see profitable workflows based on the interplay of sampling large 

experimental spaces and initialising sequential simplex searches, potentially from 

different locations, including high-performing external data points as areas of 

interests become more defined. Fitting of the unstructured data can deliver 
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information to enhance the simplex by deciding whether to continue the simplex or 

move it to a different area. By changing between both elements of the hybrid 

approach, it can be tailored to effectively determine optimal settings for the 

operational parameters. 

5.6 Monte Carlo design space screening 

The optimisation phase led to the generation of a large knowledge space that was 

further exploited for the selection of a robust high-performing design space. 

Probabilistic analysis based on Monte Carlo simulations (Materials and Methods, 

Section 2.8.6) was used to study the impact of variability in the input variables on 

overall design space performance and the risk of failing constraints. As a starting 

point for the Monte Carlo simulations, an initial design space was defined given a 

yield constraint of ≥ 70 % and avoiding areas of BT. This design space was located 

in the landscape described by the objective function M/T for a constant slope of 

20 mM/CV (Figure 5-7), at the mid-range of the operation sweet spot for slopes 

recorded previously in Section 5.4.3. As a result, the following initial design space 

was selected: (39 ± 3) g/L loading, (145 ± 10) mM initial salt and (20 ± 5) mM/CV 

gradient slope. Under the assumption that the variability of the inputs is fixed, the 

initial design space was moved by one quarter of its size during the simulations, 

testing all resulting conditions on the two-dimensional grid depicted in Figure 5-7. 

The simulations included areas with up to 5 % BT based on the worst-case scenario 

for BT discussed in Section 5.4.3. For every design space location in the grid, the 

productivity was calculated for 1000 random samples and evaluated against 

acceptance criteria for yield and BT. The simulation outcomes are summarised in 

Table 5-1 and the corresponding design spaces illustrated in Figure 5-7. 
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Figure 5-7. Monte Carlo design space screening. – Two-dimensional visualisation of the objective 
function M/T in g/(h L of resin) for ≥ 95 % monomer purity and a constant slope of 20 mM/CV. 
Contours for yield are presented in black. Areas of breakthrough (BT) are modelled assuming 
maximum product loss; the BT boundary is marked by a white line. Possible design space locations 
are visualised as a grid, allowing up to 5 % BT. The initial design space and starting point for the 
Monte Carlo simulations is prescribed by dashed blue lines; optimal design spaces for varying 
acceptance criteria are shown as solid blue lines. Acceptance criteria: a) ≥ 70 % yield, 2 % risk; 
b) ≥ 65 % yield, 0 % risk; c) no yield constraint, 100 % risk. 

 

Table 5-1. Monte Carlo simulation results for optimal design spaces (DS) subject to different 
acceptance criteria. 

Design Spaces Criteria Violations Yield 
[%] 

  

Mass 
[mg] 

Time 
[min] 

M/T 
[g/(h L resin)]

 

Initial DS:  
[ 39 ± 3 g/L resin,  
145 ± 10 mM,  
  20 ± 5 mM/CV] 
  

≥ 70 % Y 27 % Y    70.7 
(≥ 66.2) 

140 82 20.5 

DS 1:  
[ 24 ± 3 g/L resin, 
165 ± 10 mM,  
  20 ± 5 mM/CV] 
  

≥ 70 % Y 
    2 % Risk 

 0.9 % Y 
0.1 % BT 

    72.5 
(≥ 68.8) 

89  69  15.4 
(-25 %) 

DS 2:  
[ 51 ± 3 g/L resin, 
130 ± 10 mM,  
  20 ± 5 mM/CV] 
  

≥ 65 % Y 
    0 % Risk 

None    68.5 
(≥ 65.0) 

    175  92  22.9 
(+12 %) 

DS 3:  
[ 72 ± 3 g/L resin, 
120 ± 10 mM,  
  20 ± 5 mM/CV] 

 

 ≥ 0 % Y 
100 % Risk 

100 % BT    63.0 
(≥ 59.2) 

     224       106  25.3 
(+23 %) 

Note: Risk describes the permitted number of failures for a specified yield (Y) constraint and the 
occurrence of product breakthrough BT at an upper limit of 5 % BT. Values represent median values 
for 1000 simulations per design space. 
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The results from the Monte Carlo simulations for the initial design space gave 

productivities of (20.5 ± 0.4) g/(h L of resin) with yields lower than 70 % in 

approximately 1/3 of the simulations. The high failure rate for the yield constraint 

can be explained by the variability for slope (among the other inputs) that was 

applied during the simulations but not accounted for when the design space was 

selected using the purely graphical representation of objective function M/T at a 

constant value of 20 mM/CV slope.  

In the next simulation, the overall risk for BT and for yields to fall below 70 % was 

reduced to 2 %. This led to “Design Space 1” (Figure 5-7a), producing 

15.4 ± 0.6 g/(h L of resin) at median yields of 72.5 %. The increased robustness and 

lower risk to fail the constraints led to a significant reduction in productivity 

by 25 %. 

The trade-off between yield and productivity was further assessed by lowering the 

yield requirements to 65 % whilst simultaneously imposing a zero-failure risk 

constraint to the acceptance criteria. As a result, the productivity for “Design 

Space 2” nearly doubled to 22.9 ± 0.3 g/(h L of resin), giving up on average 4 % 

yield relative to “Design Space 1” (Figure 5-7b).  

The third and last design space was simulated without constraints for yield or BT 

in order to explore the maximum possible productivity (Figure 5-7c). By placing 

the “Design Space 3” entirely in the BT region, productivity increased to 

25.3 ± 0.1 g/(h L of resin) and yield decreased to 63 % median value. For this 

design space to become a realistic and viable option, additional experiments ought 

to be performed in the BT region to improve confidence in the approximation of 

this space. From the three design spaces that were identified in the Monte Carlo 

simulations, “Design Space 2” rated highest against the criteria for high 

productivity in addition to providing robust operating conditions, subject to 

experimental verification. 
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5.7 Conclusions 

In this chapter, a simplex-based hybrid optimisation approach was investigated for 

the separation of a pharmaceutical antibody with CIEX chromatography. Large 

ranges of the operational inputs loading, slope and initial salt concentration of the 

elution gradient had to be examined for this challenging three-component system. 

The objective of the optimisation was to maximise the productivity of the separation 

defined as the recovered product mass per cycle time, delivering at least 95 % purity 

and constraining yield to minimum desirable values. This optimisation metric was 

chosen to demonstrate major trade-offs between mass and time with opposite 

tendencies. For mass as the main objective function, with some restrictions for 

purity and yield, the separation could be reduced to loading as the most influential 

input. By suggesting a more realistic trade-off including time in the objective 

function, high initial salt concentrations had to be considered along with conditions 

of high loading. Naturally, the combination of high salt concentrations with high 

loading levels led to product breakthrough which added a physical constraint to the 

process. However, the degree of control imposed by BT was unexpected and 

revealed some interesting physicochemical phenomena of the separation. 

The iterative and interactive nature of the simplex algorithm enabled the 

combination with other tools and thus formed the basis of the hybrid approach. 

Bringing together the structured and logic-based simplex method with local fitting 

gave the hybrid approach the exploratory character that led to the discovery of the 

BT boundary and facilitated the generation of a large knowledge space. Whereas 

the simplex could be employed to rapidly identify a direction of high potential, the 

BT constraint could be outlined efficiently with local fitting. The contributions of 

both elements in the hybrid approach as part of a sequential workflow were 

discussed conceptually. In the centre of this discussion was the exploitation of all 

process information following a holistic data-driven strategy.  

The knowledge space was investigated further with Monte Carlo simulations to 

support the analysis of high-performing windows of operation for robustness. This 

allowed insight into the trade-offs for productivity and yield, as well as the risks 



Chapter 5 ‒ Simplex-Based Hybrid Optimisation   133 
 

and rewards involved in operating near or across the BT boundary. This predicted 

a high performing design space for 51 ± 3 g/L loading, 130 ± 10 mM initial salt and 

20 ± 5 mM/CV slope of the elution gradient, producing 22.9 g/(h L of resin) of 

95 % purity and with average yields of 68.5 %. This level of information is not 

typically available in early phase process development where timelines are usually 

tight and design space definitions often crude. Hence, the presented simplex-based 

hybrid approach can benefit the early stage of process development, providing an 

effective strategy to gain process information and enhance process insight at the 

early stage of process development, with the potential to positively impact later 

development stages.  
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6 Scale-Down Optimisation and Simplex 

6.1 Introduction 

In this chapter micro-scale experimentation is exploited to develop the polishing 

chromatography for a mAb in a three-component system on a Tecan Fluent 

workstation. This new generation of Tecan liquid handling robots was equipped for 

the operation of RoboColumns (RC) for the first time and tested in collaboration 

with Tecan Group Ltd. As part of this doctorate, a customisable gradient method 

was designed and implemented on the Tecan Fluent which enabled the close 

transfer of local chromatography protocols based on residence time scaling offering 

high resolution gradients. The suitability of the scale-down method was evaluated 

against conventional laboratory-scale chromatography in a head-to-head 

comparison investigating combinations of the input parameters loading, initial salt 

concentration at the start of the elution and gradient slope for their impact on 

process performance with regards to product mass and yield. These parameters 

were previously found to have a large impact on process performance in         

Chapter 5.  

The first part of this chapter is dedicated to the characterisation of key parameters 

of the robotic platform at micro-scale and associated analytical assays. The second 

part presents the generation of data for the selected process development challenge 

and discusses aspects concerning the handling of large data sets typical for HTP 

applications, sources of experimental variability and a comparison between scales. 

This includes an evaluation of the data with respect to the published literature on 

one hand and a discussion of a potential operating window for the given separation 

problem on the other.  

The integration of the Tecan Fluent system into the development process was tested 

in a pilot study under strict time constraints which limited the overall number of 

test conditions. Counting on the experience and knowledge gained in previous case 

studies the number of experiments at micro- and laboratory-scale had to be trimmed 
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down to fit within the given time window of the project whilst also providing a 

good chance of finding desirable operating conditions. The nature of the study given 

the time constraints and initially limited knowledge of the Tecan Fluent system 

meant it was not suited for the immediate application of the simplex approach to 

experimental runs. Instead, the generated experimental data were used 

retrospectively for in silico simplex simulations to discuss the methodology in a 

conceptual manner. 

The application of scale-down methods using high-throughput technologies has 

become an integral part of process development  (Feliciano et al. 2016; Luan et al. 

2018; Petroff et al. 2016; Welsh et al. 2016). Nevertheless, a large body of data 

generated in academia and industry demonstrates a multiplicity of effects at play; 

their investigations are still an active field of research, for example, Cottingham, 

Bain, and Vaux 2004; Gu and Deng 2007; Wiendahl et al. 2008; Treier et al. 2012; 

Kiesewetter et al. 2016; Keller et al. 2017; Pirrung et al. 2018. With the restrictions 

of this project elucidated above, a full quantitative assessment of the effects 

observed during scale-down in the studies presented here was not possible and 

given the small data set only suggestions could be made as to the potential root 

causes. Therefore, the conclusions drawn are limited to the data sets produced in 

this project. Through careful experimentation we describe how good reproducibility 

of the data in the small-scale setup and at large scale can be achieved which 

contributes further insight into the use of scale-down models for chromatography 

optimisation. 

6.2 Tecan system characterisation 

Characterisation experiments were carried out to gain an understanding of the 

variability and susceptibility to errors of essential steps in the developed micro-

scale chromatography workflow, outlined in Materials and Methods, Section 2.6. 

The delivery of buffer volumes and load material through automated pipetting, the 

reliable measurement of well volumes and the quantification of fraction content 

were identified as key elements. In addition, dilution effects were studied with 
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regards to changes in the flow conditions, under the build-up of pressure during 

sample injection into RC.  

As opposed to laboratory-scale systems, the lack of pumps with in-line mixing 

chambers and online monitoring of samples lead to a high degree of discretisation 

of the micro-scale chromatography method. Each step involves multiple actions that 

are repeated during the workflow and therefore any errors are prone to propagation. 

The characterisation studies intend to enhance our understanding of this error. The 

terms average, standard deviation, precision and accuracy are used to quantify 

variability in the data; mathematical definitions are provided in Methods and 

Materials, Section 2.10 (Equations 2-8 to 2-11). Some general conditions shall be 

specified for the characterisation studies. Sample material Feed II (Section 3.3) was 

used, unless indicated otherwise, and will be referred in general terms as “protein”. 

Measurements of protein containing solution were typically compared to ddH2O. 

The automated Tecan workflow was based on two main liquid classes – one for the 

preparation of the gradient buffers and for analytical sample preparation (volume 

transfer, dilution, normalisation of samples), in the text referred to as “water 

default”, and a second liquid class “Te-Chrom variable flowrate” for tasks 

involving RC. Both liquid classes were pre-programmed by the manufacturer of the 

liquid handling robot.  

6.2.1 Well volume variability 

During gradient elution, the eluate is fractionated and collected in the wells of 

microtitre plates. This process consists of the two steps; first the MTP is moved to 

align with the static RC in the next well position and second, the buffer volume for 

the gradient step is delivered. As a result, the fraction volumes per RC and across 

parallel RC experiments can change by the size of a drop (~ 25 μL) depending on 

buffer composition and protein content. The impact of these fluctuations will vary 

based on the size of the drop relative to the fraction size. Analysis of the fractions 

allows reconstruction of the preparative chromatogram, derivation of mass balances 

and calculation of product purities and yields. Therefore, the reliable measurement 

of well volumes was essential.  
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Two methods for measuring well volume based on absorptive pathlength using a 

plate reader and the pressure-based VMS method (Materials and Methods, 

Section 2.7.1 and 2.7.6) were compared for eight replicates per condition. Since the 

determined liquid well volume will not only depend on the measurement method 

but also on the accuracy and precision of liquid dispensing, the two liquid classes 

“water default” and “Te-Chrom variable flowrate” were considered to dispense 

ddH2O and protein solution directly into wells. Precision and accuracy of the 

measured volumes for liquid class, sample type and measurement method are 

displayed in Figure 6-1.  

a) b) 

  

Figure 6-1. Precision (a) and accuracy (b) of well volume measurements comparing absorptive 
pathlength and pressure-based methods over a range of nominal volumes. ‒ Averages of eight 
replicates per nominal volume. Sample medium: protein in black and ddH2O in blue. Liquid classes: 
“water default” (─) and “Te-Chrom variable flowrate” (- -). Measurement system: Tecan 
pathlength (�) and VMS (�). Pathlength data for 25 µL excluded since liquid volume was 
insufficient to cover the bottom of the wells.  

In the results of Figure 6-1a, the combination of pathlength-based volume 

measurements and protein sample has the highest variability between the eight 

replicates. For this combination, the liquid class “Te-Chrom variable flowrate” was 

superior to “water default”. Unlike the VMS method, the pathlength-based method 

can be prone to error due to changes in the liquid surface, e.g. bubble formation 

during pipetting and potential meniscus formation, leading to higher variability 

particularly in protein samples. Measurement variability was found to be volume 
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dependent and increased with smaller volumes; however, this is assumed to be 

highly correlated with the reliability of the pipetting step. At 25 µL, the volume was 

too small to allow even distribution over the bottom of a well which limited the 

scope of absorptive pathlength measurements.  

The accuracy of well volumes in Figure 6-1b is affected by the applied method and 

sample type. VMS measurements produced a narrow band for water and protein 

samples. In comparison, pathlength measurements with the Tecan plate reader led 

to similar or smaller volumes for protein and much larger volumes for water 

samples. Differences between the liquid classes were elevated when the pathlength 

was used for volume determination. Accuracy improved for larger volumes, 

particularly > 100 µL which suggests that the accuracy of the pipetting step may be 

a major contributing factor. At 200 µL nominal volume, a volume offset of −5 µL 

(protein) to −2 µL (ddH2O) was calculated for the VMS method; the offset was 

significantly larger when pathlength measurements were used (in absolute values 

6 µL for the smallest and 14 µL for the largest offset).  

Meniscus effects resulting from different surface tensions in protein samples are 

discussed in the literature (Cottingham, Bain, and Vaux 2004; Treier et al. 2012; 

Diederich 2015; Pirrung et al. 2018). These studies highlight that the formation of 

a meniscus particularly at high protein concentration can influence pathlength 

measurements but may vary for different proteins. The meniscus volume was 

reported to correspond to ~ 10 % of the well volume  (Diederich 2015; Pirrung et 

al. 2018; Treier et al. 2012). By correcting for this volume, the accuracy of 

pathlength based volume determination could be improved to 3 % (Pirrung et al. 

2018). For Feed III used during the chromatography studies, Figure 6-2 suggests 

that meniscus formation plays a negligible role. A much larger dataset will be 

needed, however, to evaluate the quantitative impact of the meniscus on 

chromatographic results. The impact of the shape of the liquid surface can be 

assumed to have no impact when the VMS method is used for analysis which is 

operated under pressure.  
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Overall, the VMS method provides higher reliability for the detection of well 

volumes for protein and aqueous samples, particularly when the liquid class “Te-

Chrom variable flowrate” is employed. Accuracy and precision improve for 

volumes above 100 µL. At 200 µL – the typical fraction volume applied during the 

chromatography experiments – the VMS system provided a precision of 0.7 % to 

0.5 % and an accuracy of −2.5 % to −1.0 %, for protein and water respectively. 

Hence, VMS volume determination will be the method of choice in subsequent 

experiments. 

 

 
Figure 6-2. Test for concentration-dependent meniscus effects and potential impact on pathlength 
at 200 μL nominal volume. ‒ Proteins in Feed III: product of interest (�), weak (□) and strong (�) 
impurity. Liquid class: “water default”. Tecan plate reader: five light flashes per measurement. 
Average and range per sample are shown for two replicate measurements. 

6.2.2 Pipetting variability 

Pipetting variability was evaluated for a nominal volume of 200 µL, aspirated from 

a reservoir and dispensed directly into MTP with the liquid class “water default”. 

This volume equals the fraction volume used during the micro-scale 

chromatography studies and was a commonly applied volume during buffer and 

sample preparation. After pipetting, the liquid well volume was measured using the 

VMS method. The weight of the MTP before and after liquid dispensing was 

obtained as a second measure of the average well volume across the 96 liquid-filled 
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wells of a standard MTP, converting mass to volume assuming a liquid density of 

1 g/mL.  

The results in Table 6-1 show that the measured well volumes are offset by 4 μL 

and 5 μL from the 200 μL nominal volume for ddH2O and protein with precision 

and accuracy ≤ 2.4 % and ≤ 2.7 % (absolute values). The error is in line with 

reported values of < 3 % variation between wells using standard liquid classes 

(Coffman, Kramarczyk, and Kelley 2008). Better results ≤ 1.7 % could be achieved 

in the published literature for volume ranges > 50 μL using optimised liquid classes 

(Osberghaus, Baumann, et al. 2012; Treier et al. 2012; Field, Konstantinidis, and 

Velayudhan 2017). For smaller nominal volumes the pipetting error is likely to 

increase as suggested by the observations related to volume measurements in 

Section 6.2.1 and as demonstrated by others (Oelmeier, Ladd Effio, and Hubbuch 

2012; Osberghaus, Baumann, et al. 2012; Treier et al. 2012). Therefore, volumes 

< 50 μL were avoided where possible during the RC experiments. 

Table 6-1. Pipetting variability for 200 µl nominal volume (full 96-well plate) using liquid class 
“water default”. 

 VMS based measurement 
 

Weight based 

Sample Well volume, µL 
(average per well) 

STD,  
µL 

Precision, 
% 

Accuracy, 
% 

Well volume, µL 
(average across plate) 

 

ddH2O 196.3 4.7 2.4 -1.9 193 
Protein 194.6 2.7 1.4 -2.7 195 

In practice, the recommendation to transfer volumes > 50 μL during gradient 

preparation was difficult to adopt. During the initial phase of elution, gradients 

starting at low salt concentrations along with a shallow slope were generated by 

mixing significantly smaller volumes of elution buffer (~ 20 μL) with equilibration 

buffer. This can be mitigated to some degree by mixing buffer volumes in excess 

which was exploited in the current implementation of the Tecan method. 

Alternatively, the volume could be increased by preparing gradients from more than 

two buffer stock solutions, which would require a more complex implementation 

for example using conditional loops. 
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The offset for the target fraction volume of protein samples was -2.7 % which is 

undesirable and has to be taken into account for the evaluation of experimental data. 

Liquid classes can be optimised to reduce the offset which was not in the scope of 

this project and requires highly specialised knowledge of the hardware components 

and their limitations. Based on experience, incremental improvements may be 

obtained by reducing the pipetting speed, however, this would have added 

significant time to the duration of the micro-scale chromatography method which 

involved multiple pipetting steps. We prioritised throughput to ensure that 

chromatography experiments and subsequent submission of samples for analysis 

could be realised in one typical working day. Moreover, this timeframe allowed 

supervision of the robot as required, especially in the test phase and during earlier 

runs. 

6.2.3 Back pressure dilution during sample loading 

The possibility of load dilution due to pressure resistance when the sample is 

dispensed into RC was investigated in two experiments. The Tecan operates a 

hydraulic system filled with “system liquid” (see details in Materials and Methods, 

Section 2.6.1) to enable liquid handling. An air gap separates the system liquid from 

the sample, however, unwanted mixing may occur under some circumstances, for 

example, through retention of a thin film of system liquid on the wall inside the 

pipetting tip or through sample diffusion across the air gap (Gu and Deng 2007; 

Kiesewetter et al. 2016). Recommended steps for tip maintenance and to renew the 

air gap after each pipetting operation were therefore implemented in the Tecan 

gradient method to reduce the risk of mixing. The experiments here focus on the 

concern of unwanted load dilution as back pressure builds up in the column during 

loading, potentially causing the air gap to be disrupted. Break-down of the air gap 

when dispensing into RC has previously been described, for example Welsh et al. 

(2014) and Grönberg (2015). 

In the first experiment, protein sample was loaded onto RC and collected in single 

pools at the column outlets. The intention was to minimise protein binding to gain 

information about potential dilution by comparing the protein concentrations before 



Chapter 6 ‒ Scale-Down Optimisation and Simplex   143 
 

and after loading. This was realised by running the AIEX chromatography resin 

Capto Q under CIEX conditions, using Na acetate buffer at low ionic strength, pH 5. 

Eight columns (600 μL CV) were loaded with 3.0 mL of Feed II at 4 µL/s flow rate. 

The columns had previously been equilibrated in 3 CV of buffer, followed by 2 CV 

re-equilibration in the feed. The volume of the collected pools was determined by 

weight, subtracting the mass of the empty container. The concentrations of the load 

material and the collected pools were measured in triplicate with the Lunatic 

microchannel plate reader (Materials and Methods, Section 2.7.1).  

The outcomes of the study in Table 6-2 show accurate liquid dispensing with less 

than a drop deviation from the nominal volume of 3.0 mL. The variability of the 

concentration assay is within the range determined in Section 6.3.1. Given this 

variability and a mass balance total of (98.2 ± 1.5) %, load dilution is not assumed 

to be a concern in the studied set-up. 

Table 6-2. Back pressure dilution test data, collecting single pools from eight RC under non-binding 
conditions.  

 
 

Load  Single fraction  

Average concentration 
 

8.5 g/L ± 1.6 % 8.3 g/L ± 2.3 % 

Average volume 
 

3.0 mL  3.0 mL ± 0.3 % 

Protein recovery 
 

 (98.2 ± 1.5) % 

In a second study potential dilution effects were investigated for the collection of 

fractions. The same conditions applied, except that columns were equilibrated in 

3 CV of buffer and sample was loaded without additional re-equilibration. The 

sample was collected in 100 µL fractions at the column outlet. The concentration 

of each fraction was measured with the Lunatic microchannel plate reader and 

volumes determined using the VMS method (all single measurements). The volume 

variability for eight RC over 30 fractions is illustrated in Figure 6-3a. The average 

fraction volume of 90 µL ± 14 % was lower than the expected nominal volume of 

100 µL based on the variability analyses in Sections 6.2.1 and 6.2.2. This resulted 

in an average cumulative volume of 2700 µL, compared to 3000 µL load volume. 

Although the cause for this loss in volume was not investigated, evaporation may 
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be a contributing factor to this observation given the greater surface area when 

collecting fractions compared to the single pools collected in the first of the two 

studies.  

Fraction concentrations are studied in Figure 6-3b. In the diagram, the theoretical 

concentration ratio per fraction under non-binding conditions should be close to 

one, except for the first one or two fractions where the load is initially diluted when 

replacing the equilibration buffer in the column. Large deviations from the 

theoretical value were detected for three of eight columns; although an exact root 

cause could not be assigned. The other columns remained within 0.95 to 1.05 C/C0, 

suggesting no issues with systematic dilution during sample loading. This is in line 

with the findings of Kiesewetter and co-workers who measured the effluent salt 

concentration for different volume segments and dispensing cycles which showed 

that sample dilution was not a concern provided that the pipetting tips were clean 

and the inside of the tips was free from residues (Kiesewetter et al. 2016). These 

results are encouraging, nonetheless the variability in fraction volumes measured in 

our study stresses the importance of volume monitoring in order to establish 

accurate mass balances and detect process deviations from the expected target. 

a) b) 

  

Figure 6-3. Back pressure dilution experiments, collecting sequential fractions from eight 
RoboColumns under non-binding conditions. ‒ Horizontal lines mark the ideal value for 100 μL 
fraction volume and the ideal concentration ratio for fraction over load C/C0 = 1.  
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6.3 HTP assay characterisation 

6.3.1 Protein concentration micro-assay 

For HTP applications, two photometric assays were employed to quantify the 

protein content in MTPs (Materials and Methods, Section 2.7.1). The Tecan Infinite 

plate reader was conveniently integrated with the liquid handling station and 

facilitated the fast and direct measurement of fractions collected during RC 

experiments. The method required pathlength correction and was therefore 

susceptible to variability in the estimated light path, as discussed in Section 6.2.1. 

Highly concentrated protein samples exceeding 2 AU (280 nm) were additionally 

analysed using microchannel plates of a defined pathlength (Lunatic instrument). 

The short pathlength in the microchannel design reduced the required sample 

volume significantly and removed the need for sample dilution, leading to savings 

in time and labware consumables. Therefore, it was attractive to combine the 

Lunatic system with the developed HTP gradient chromatography method.  

A potential concern when using the microchannel plates as part of an automated 

HTP workflow was the sensitivity to sample delivery. Despite the fixed pathlength, 

accurate pipetting of very small volumes was essential. A liquid class was 

specifically developed for pipetting volumes ≤ 3 μL and control of the movements 

during sample transfer. For this purpose, the pipetting tips needed to be precisely 

placed over the microwells and introduction of air had to be avoided. To minimise 

the risk, the liquid was dispensed without a trailing air gap at low speed. When the 

tip was retracted from the well, it carried out a side-movement against the well edge 

to break the adhesive forces between the tip outlet and sample. For these operations, 

the plates had to be firmly placed in the labware holders and pipetting tips had to 

be straight to ensure alignment with the exact position of the wells. 

To assess the overall variability of the method, samples of the three antibodies that 

contributed to the creation of the feedstock for the case study were measured in 

triplicate at different concentrations. In the results of Table 6-3, variability varied 

greatly for the antibodies and concentrations, suggesting variabilities as high as 4 % 
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relative standard deviation. The small number of replicates was considered 

representative since replicates were not usually performed during the HTP 

experiments, unless an outlier was suggested by comparison with the preceding and 

subsequent fractions in the chromatogram.  

Table 6-3. Variability of protein concentrations using the Lunatic microchannel assay in 
combination with the Tecan for sample preparation.  

Tecan 
plunger size 

 

Replicate 
measurements 

 

Average conc., 
g/L 

 

RSTD, % 

mAb #1 mAb #2 mAb #3 
 

5 mL 3 5  0.0 1.3 0.3 

5 mL 3 3  2.9 1.6 4.1 

5 mL 3 1  1.8 2.2 1.4 

 

6.3.2 HPLC analysis  

The purity profile of chromatography fractions was analysed with cation-exchange 

HPLC (Materials and Methods, Section 2.7.3). Two approaches, named “HPLC 

Percent” and “HPLC Area”, were applied for the evaluation of HPLC data in this 

chapter. For the HPLC Percent approach, the concentration of each mAb in the 

sample was calculated using the total protein concentration multiplied by the 

percentage ratio of peak areas in the HPLC chromatogram (Equation 2-4). This had 

the advantage that the total protein concentration was readily available using the 

spectrophotometrical methods described in Section 6.3.1 and could be translated 

into individual concentrations given the extinction coefficients were similar. In the 

previous case studies of Chapter 4 and 5, pure samples of the components in Feeds I 

and II were not available initially to determine calibration curves and therefore the 

HPLC Percent approach was a pragmatic solution. Moreover, knowledge of the 

total protein concentration helped to reduce the number of samples for HPLC 

analysis by only selecting those samples with concentrations supporting an 

acceptable signal-to-noise ratio and diluting highly concentrated samples to 

facilitate baseline separation in the HPLC chromatograms. With this information, 

steps for sample selection and dilution could be automated on the liquid handling 

robot. The second approach, HPLC Area, makes use of calibration curves (and 
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dilution factors as necessary) to correlate the absolute area per peak in the HPLC 

chromatogram to the individual protein concentrations. This option was viable 

because Feed III was created from a mixture of pure antibodies. The calibration 

curves are shown in Appendix D.1 and were determined separately for each 

antibody in the feed mixture using the Lunatic microchannel assay over the entire 

concentration range. 

Measurement replication is desirable to increase robustness, however, especially in 

HTP workflows this practise quickly becomes unfeasible as it considerably 

increases the number of samples and analysis time. Therefore, the HPLC Percent 

approach only used single measurements of the total protein concentration and 

single injections on the HPLC system per sample. For the HPLC Area approach 

calibration curves were determined by duplicating or triplicating data points 

(individual samples), however, the same curves were used throughout the entire 

HTP chromatography study. During the case study, reasonably small fraction 

volumes of 1/3 CV were collected which gave some indication of outliers if 

subsequent fractions showed very different results or a sudden change. On these 

occasions sample analysis was repeated. By evaluating the HPLC data in two 

different ways, the intention was to spread the contribution of random error 

(absolute peak areas versus area percentage, total protein concentrations of the 

samples versus calibration curves) and add some degree of robustness, without 

physical repetition of the measurement.  

The HPLC Percent and Area approaches were applied throughout the HTP 

chromatography case study. A test of equivalence based on two one-sided t-tests 

(TOST, null hypothesis: “approaches are different”) was conducted on the collected 

data to determine if the two approaches produced equivalent results. The original 

data set is introduced in Section 6.5. It informs about product mass and recovery 

for different operating condition of the preparative chromatography experiments at 

two scales, including duplication at micro-scale. Here, product mass in the final 

pool can be considered a main output associated with the accumulated HPLC 

information from all the fractions and was therefore used for the TOST, assigning 
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two categorical levels for scale and HPLC approach (Percent or Area). The test did 

not further distinguish between sampling time or HPLC system. Data from the 

HPLC approaches was treated as pairs which included pairing as a random effect 

to account for any sample-to-sample variability and allow the assessment of the 

difference between HPLC Percent and HPLC Area to be performed against the 

within-sample variability. The pairwise comparison of the predicted means of 

product mass with a 95 % confidence interval estimated the difference between the 

methods to be 0.02 and 0.28 g/L resin (micro-scale, laboratory-scale). This 

difference could be as large as 1.06 g/L resin considering the upper confidence 

bound for laboratory-scale data. Given that these values are small compared to 

loading values ≥ 35 g/L resin used in the chromatography case study, it was deemed 

acceptable to assume equivalence between the two approaches. On this basis, the 

HPLC results per condition were averaged during reduction of the data set in 

Sections 6.7 and 6.8. 

6.4 Chromatography case study design 

In the case study, the polishing chromatography for a ternary antibody mixture is 

developed employing micro-scale experiments on a robotic platform. Details of the 

micro-scale method were outlined in Materials and Methods, Section 2.6. The aims 

of the case study were twofold. It intended to provide an experimental qualification 

of the newly designed and implemented micro-scale chromatography method whilst 

also demonstrating suitability for the optimisation of a challenging antibody 

separation. This was supported by rigorous analysis of the generated data (Sections 

6.6 and 6.7). The chromatography optimisation here considered loading and the 

elution conditions with regards to gradient slope and the initial salt concentration 

to study their impact on product mass, yield and cycle time, defining a similar 

experimental space as in Chapter 5. Specific information on the experimental 

methods, variable space and objective functions is provided below.  
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6.4.1 Experimental details 

In the ternary antibody mixture, the product of interest was mixed with two 

antibodies on either side of the elution peak as the impurities, with levels of 6 % 

and 9 % total protein concentration (Feed III in Chapter 3, Feed Mixtures). The 

chromatography experiments were performed in bind-and-elute mode following the 

general description of chromatography in Materials and Methods, Sections 2.2 to 

2.5. The cation exchanger Capto SP ImpRes was selected following extended resin 

scouting; some of the key elements of which have previously been highlighted in 

Chapter 3, Section 3.2.2. OPUS MiniChrom columns with 5.03 mL column volume 

were used with an Äkta Avant benchtop system and 600 μL RC were employed on 

a Tecan Fluent platform. A proprietary, low conductivity buffer system, pH 5 was 

used as the mobile phase. For protein elution, salt levels in the mobile phase were 

increased operating a linear gradient of varying slope. The continuous gradient at 

laboratory-scale was approximated by a step gradient at micro-scale. Per gradient 

step, equally sized fractions of 1/3 CV (200 μL) were collected; the same fraction 

volume of 1/3 CV was applied at laboratory-scale. The initial salt concentration at 

the start of the gradient was adjusted during a post-load re-equilibration step 

following sample injection. The flow rates at both scales were selected based on a 

common residence time of 6 min during loading and 3 min during equilibration, 

elution and the remaining steps. The analytical methods outlined in Section 2.7 

were used to measure protein concentrations (spectrophotometric assays) and purity 

(CIEX-HPLC) of the fractions. The variability of these methods has been evaluated 

in Section 6.2 of this chapter.  

6.4.2 Objective function 

The objective function was chosen with a focus on recovered product mass, 

applying a minimum purity constraint of 95 % based on the dynamic pooling 

procedure described in Materials and Methods, Section 2.8.2 and introduced 

experimentally in Chapter 5. Trade-off studies included product yield and cycle 

time as potential objective functions or constraints. Cycle times were generally 

found to be less than two hours (120 min) and given this magnitude were 
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considered to be of less importance to manufacturing. The trends for the cycle time 

from this case study were found to follow a similar pattern to those presented in 

Chapter 5. As a result of this, and the low relevance to manufacturing, cycle time 

was not included in the scope of the results and discussion presented in this chapter. 

The following sections will focus on the trends for product mass and yield. 

6.5 Development workflow and raw data results 

The experimental workflow exploited the experience and knowledge gained during 

the previous case studies (Chapters 4 and 5) to select test conditions in areas of the 

space that were thought to capture important features of the separation. Overall this 

exploration of the experimental space closely resembled that in the case study of 

Chapter 5, however, due to strict time constraints a simplex-based approach was 

not employed. Instead a small number of experiments was conducted using 

experience to generate insight into the experimental space.  

The RC format supported four different combinations of the input parameters to be 

tested in duplicate, resulting in a full set of eight columns per experiment. To enable 

qualification of the scale-down model alongside chromatography development, 

initial experiments were replicated at laboratory-scale and again at the later stage to 

enhance insight of the desirable operating region. The raw data generated as part of 

the development activities are depicted in the scatter plots of Figure 6-4 for the 

objective functions of product mass and yield. Numeric labels in Figure 6-4a 

indicate in which order conditions were selected to arrive at favourable operating 

conditions.  

At the beginning of the development activities (groups one and two) average 

conditions of the input variables and low loading were studied to gain an initial 

understanding of the resolution of the separation. Experiments were conducted for 

different slopes, concluding that steeper slopes were suboptimal with regards to 

yield. Combinations of high salt and moderate loading were explored in groups 

three and four, before reaching towards very high loading to evaluate process 

behaviour subjected to product breakthrough (BT) in groups five and six. This was 
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motivated by the findings in Chapter 5 where BT was shown to have a major impact 

on process performance for the separation under investigation in a comparable 

setting at laboratory-scale. The trends in the raw data here were found to be broadly 

similar to those in the previous case study (Section 5.4.3). In Figure 6-4, mass 

appears to increase predominantly with loading, as expected; whereas yield behaves 

in an opposite manner with a noticeable reduction introduced at BT conditions. The 

trends will be discussed further with a focus on the identification of an operation 

sweet spot in Section 6.8. 
 

Product mass [g/L resin] Yield [%] 

 

 

Figure 6-4. Experimental raw data for product mass and yield at two different scales for ≥ 95 % 
purity in the pool, applying two HPLC data treatments. ‒ Capto SP ImpRes columns operated as 
600 μL RC (3 cm bed height) and 5 mL laboratory-scale columns (10 cm bed height), both scales at 
6 min (loading) and 3 min (wash, elution) residence time. Micro-scale (Tecan) duplicates are 
visualised as double-circles, laboratory-scale (Äkta) data as diamonds. HPLC treatment based on 
Percent for (a, c) and Area for (b, d). Empty circles identify experiments subject to experimental 
failure (Tecan robot or HPLC instrument error). Numeric labels indicate order of experiments. 
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6.6 Investigation into sources of variability 

The raw data in Figure 6-4 combines micro- and laboratory-scale results for product 

mass and yield, analysed using the two different HPLC data treatment approaches 

introduced in Section 6.3.2. The complexity of this data set is increased by the 

duplication of RC experiments and some instances of experimental failure. This 

section will therefore clarify the steps taken to identify sources of variability and to 

refine the data set to facilitate further analysis and visualisation. In addition, the 

investigations will advance our understanding of the scale-down chromatography 

model and of potential caveats when interrogating HTP chromatography data. 

6.6.1 Experimental failure 

At the early stage of implementation, experimental failure of an automated multi-

step workflow cannot be precluded. The documentation of observations and 

deviations from expected behaviour is therefore indispensable for the analysis of 

root causes. Three instances of experimental failure were identified during the case 

study and will be discussed in the following. The concerned data points are 

distinguished from the remaining set in  Figure 6-4 using outlines only. 

Incorrect variable assignment 

The gradient chromatography method at micro-scale is controlled by a set of 

variables (Table 2-6) which are calculated based on manual operator input into an 

Excel template and loaded in the Tecan software (Section 2.6.2). The same inputs 

are used to specify the elution conditions at laboratory-scale. For group two in 

Figure 6-4 incorrect variable assignment at laboratory-scale led to disagreement 

with the operating conditions at micro-scale. Although the data still contributed to 

the overall understanding of the experimental space, they were less suitable to draw 

conclusions with respect to scale. 

Incomplete loading  

During sample application, RC in group three were loaded incompletely and 

therefore the results had to be treated with caution. This was evident by comparing 

the volume of feed in the sample tube pre- and post-loading. Despite the deviations 
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from the expected load volume, variables logged during operation of the Tecan 

robot indicated no issues and reasons for the failure remain unknown. 

HPLC sample evaporation  

Following a power cut, the HPLC fraction collector settings were automatically 

reset to default. This led to increased periods without sample refrigeration for the 

RC samples in group six (Figure 6-4) until the fault was recognised. In the 

preparative chromatograms in Figure 6-5, sample evaporation led to a noticeable 

but artificial increase in concentrations when the HPLC Area approach was applied. 

This did not impact the relative concentrations of antibodies in the mixture 

determined using the HPLC Percent approach. Therefore, the HPLC Percent 

information was used for further analysis of group six RC data.  

 
Figure 6-5. Manifestation of sample evaporation during HPLC analysis in preparative 
chromatograms. ‒ RC runs with 600 μL Capto SP ImpRes columns (3 cm bed height) at 6 min 
(loading) and 3 min (wash, elution) residence time. Duplicates (1, 2) at 70 g/L loading, 10 mM initial 
salt and 15 mM/CV slope. Two HPLC approaches applied: Percent and Area. Colours indicate total 
protein (�), product of interest (�), weak (�) and strong (�) impurity. Linear gradients 
approximated by steps (┌┘). Final product pools depicted by dotted lines (:). 
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For RC runs in group five, the preparative chromatograms based on the HPLC 

Percent approach (Figure 6-6) showed unusual shapes compared to the HPLC Area 

derived data. In this case, no cause could be identified and it was decided to exclude 

the HPLC Percent data from the analysis. 

 
Figure 6-6. Unusual shape of preparative chromatograms based on HPLC Percent data. ‒  RC runs 
with 600 μL Capto SP ImpRes columns (3 cm bed height) at 6 min (loading) and 3 min (wash, 
elution) residence time. Duplicates (1, 2) at 60 g/L loading, 30 mM initial salt and 15 mM/CV slope. 
Two HPLC approaches applied: Percent and Area. Colours indicate total protein (�), product of 
interest (�), weak (�) and strong (�) impurity. Linear gradients approximated by steps (┌┘). Final 
product pools depicted by dotted lines (:). 

6.6.2 Assessment of mass balances 

Raw data in Figure 6-4 that were not associated with an experimental failure were 

investigated for deviations using a metric developed on the basis of chromatography 

mass balances (MB). MB are calculated at the preparative chromatogram level and 

therefore incorporate error at the fraction level which stems from the variability 

related with the operation of the system and analytical assays (fraction volumes, 

protein quantification). One way to assess the overall variability and identify 
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abnormal process behaviour is through replication of experiments. For this purpose, 

a metric based on MB was found effective for high level screening. 

In this metric, the data were binned by scale and the average MB per scale 

calculated and compared against the individual MB per experiment. For RC 

experiments, MB changes between duplicates were also recorded. For further 

investigation of the data, we defined strict criteria based on one standard deviation. 

This means if the individual MB, and the differences between duplicate MB where 

applicable, exceeded one standard deviation of the average MB, detailed inspection 

of the chromatograms and analytical data from the fractions was prompted. When 

the criteria were met, this in turn encouraged averaging duplicate data points for 

RC to reduce the complexity of the data set. The criteria are summarised in   

Table 6-4. 

Table 6-4. Mass balance (MB) metric for deviation assessment. 

Scale Mean MB and STD1 Criteria to prompt investigation 

Micro-scale  
RoboColumn duplicates 
 

(83.6 ± 9.6) % > 10 % difference from overall MB mean 
 and 
> 10 % difference between duplicates  
 applied simultaneously 
 
 

Laboratory-scale  
Äkta data 
 

(94.0 ± 4.5) % > 5 % difference from overall MB mean 
 

1 Excludes experimental failure runs (incomplete loading and HPLC sample evaporation as 
described in Section 6.6.1) 

Table D-2 in the appendix provides a comprehensive overview of the raw data and 

comments on the outcomes of the deviation assessment in the footnotes to the table. 

Runs with larger than average MB deviations and confirmed abnormal performance 

were excluded from the data set, affecting 11 % of all experiments. A small number 

of runs were examined for deviations that were not reflected in the MB. Examples 

of the sources of variation leading to differences in the MB and chromatogram 

appearance will be presented in the next section. Scaling will be discussed as a 

separate factor to contrast micro-scale and laboratory-scale performance in 

Section 6.7.  
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6.6.3 Appearance of reconstructed preparative chromatograms 

To reconstruct the preparative chromatograms, information from the individual 

fractions, that is, fraction volumes and protein content, is consolidated. Peaks of the 

individual antibodies are resolved with HPLC, on the basis of total protein 

concentrations per fraction (HPLC Percent) and through the use of calibration 

curves (HPLC Area). To understand the variability exhibited within fraction 

measurements and how this influences the appearance of the chromatograms, three 

examples are presented and diagnosed below. 

Example 1: Reconstructed chromatograms comparing HPLC Percent & Area 

In the example provided in Figure 6-7 and Table 6-5 both HPLC approaches led to 

concentration spikes in the chromatograms. However, since the measured 

concentrations per fraction were used in different ways to calculate the 

chromatograms, noise translated differently. In the most extreme case illustrated in 

Figure 6-7b, the percentage difference of two subsequent fractions containing only 

the product of interest was as high as 40 %. The numerical values in Table 6-5 show 

that this difference was more than seven times larger for the HPLC Area approach 

compared to HPLC Percent for the same fraction window.  

In contrast, the HPLC Area approach in Figure 6-7d facilitated a smooth 

chromatogram in the entire pool region. Here, the HPLC Percent approach 

demonstrated higher variability (Figure 6-7c). From the examples no clear trend in 

favour of one approach could be concluded which affirms the practice of averaging 

the values obtained from both HPLC methods proceeding to the final step of data 

reduction. This practice was deemed acceptable as long as the mass balance criteria 

were met (Section 6.6.2) and runs were not disqualified due to experimental failure.  
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Figure 6-7. Concentration variability in preparative chromatograms comparing the HPLC Percent 
and HPLC Area approach. ‒ Äkta runs with 5 mL Capto SP ImpRes columns (10 cm bed height) at 
6 min (loading) and 3 min (wash, elution) residence time. Laboratory-scale chromatography at 
60 g/L loading and 15 mM initial salt. Slope at two set-points: a, b) 15 mM/CV, c, d) 12 mM/CV. 
Colours indicate total protein (�), product of interest (�), weak (�) and strong (�) impurity. Linear 
gradients (▬). Final product pools depicted by dotted lines (:).  

Table 6-5. Largest percentage difference observed for two subsequent fractions of pure product in 
the pool comparing the HPLC Percent and HPLC Area approach.

HPLC approach Example A:  60 g/L loading,  
 15 mM initial salt,  
 15 mM/CV slope 
 

Example B:  60 g/L loading,  
 15 mM initial salt,  
 12 mM/CV slope 

Considered fractions 
 

10.6 and 11.0 CV elution 12.3 and 12.6 CV elution 

Percentage difference 
 

   
 HPLC Percent   5.3 %  7.7 % 
 HPLC Area 
 

39.7 %   0.7 % (smooth over entire pool) 

Decision for data 
reduction 
 

HPLC Area with higher  
than average MB excluded 

Data for HPLC Percent  
and HPLC Area averaged 

Note: Percentage difference relates absolute difference of two subsequent fractions to fraction 
average.  
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Example 2: Influence of measurement variability on pool cut points 

The influence of noise on the pool size is exemplified by the preparative 

chromatogram for a laboratory-scale run in Figure 6-8, analysed according to the 

HPLC Percent and HPLC Area approach.  

  
Figure 6-8. Concentration fluctuations in preparative chromatograms and impact on pool cut points. 
‒ Äkta run with a 5 mL Capto SP ImpRes column (10 cm bed height) at 6 min (loading) and 3 min 
(wash, elution) residence time. Laboratory-scale chromatography at 55 g/L loading, 25 mM initial 
salt and 15 mM/CV slope. Zoomed-in view a, c) near first pool-cut point and b, d) close to centre of 
main product peak. Colours indicate total protein (�), product of interest (�), weak (�) and strong 
(�) impurity. Linear gradients (▬). Final product pools depicted by dotted lines (:).  

The dip in the total protein concentration observed near the pool cut point in the 

HPLC Percent chromatogram increased the pool size by one fraction (Figure 6-8a). 

This produced an 8 % larger pool (one fraction equals 1/3 CV). Interestingly, the 

larger pool did not lead to better overall performance with regards to product mass 

and yield in comparison to the results based on HPLC Area. Instead, the HPLC 

Area chromatogram delivered a 5 % higher overall recovered product mass, but 

also a higher overall MB (see raw data in Appendix D.2 for details). Here, a high 
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concentration value near the centre of the main product peak for the HPLC Area 

chromatogram coincided with a negative concentration spike for the HPLC Percent 

chromatogram on the same interval (Figure 6-8 b and d). This illustrates the 

variability experienced when fraction data are combined to derive process 

information from the entire chromatogram. In this example, averages of both 

chromatograms were used to account for the fluctuations. 

Example 3: Sensitivity to noise for steep gradient slopes 

In the micro-scale chromatography method, slopes were adjusted by step height 

whilst the step width was fixed. Under otherwise comparable conditions for loading 

and the initial salt, this meant that increasing the slope not only imposed more rapid 

changes in the process conditions but also decreased the number of fractions and 

therefore, fluctuations as seen in the peak concentrations of Figure 6-9 were likely 

to have a larger impact on the overall result, potentially leading to increased 

sensitivity to noise for steeper slopes. In the RC data set, the fraction count varied 

with the slope as follows: slopes ≥ 25 mM/CV produced on average 16 fractions 

containing protein (four runs in the RC data set), compared to 31 protein fractions 

for slopes ≤ 15 mM/CV (40 runs in the RC data set). Given the limited size of the 

data set it is however not suitable to draw general conclusions. In the literature, the 

number of fractions in relation to chromatogram quality versus analytical effort has 

also been discussed, recommending a minimum number of 20 fractions (Diederich 

2015; Welsh et al. 2014). 
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Figure 6-9. Sensitivity to noise of preparative chromatograms with steep gradient slopes. ‒ RC runs 
with 600 μL Capto SP ImpRes columns (3 cm bed height) at 6 min (loading) and 3 min (wash, 

elution) residence time. Duplicates (1, 2) at 40 g/L loading, 30 mM initial salt and 30 mM/CV slope. 

Two HPLC approaches applied: Percent and Area. Colours indicate total protein (�), product of 
interest (�), weak (�) and strong (�) impurity. Linear gradients approximated by steps (┌┘). Final 
product pools depicted by dotted lines (:). 

6.7 Differences between scales 

RC have been studied as a scale-down model for chromatography for more than a 

decade. Published work has contributed to the characterisation of RC in comparison 

to conventional laboratory-scale column formats with regards to geometric 

dimensions and packing properties as well as transport related parameters (Łącki 

2012; Susanto et al. 2008; Welsh et al. 2014; Wiendahl et al. 2008). Łącki (2012) 

for example examined the hydrodynamic conditions around adsorbent particles for 

different HTP formats. The results showed that given the differences in bed height 

between bench-scale columns and RC, residence time and linear flow rates could 

not be matched simultaneously leading to different results where external mass 

transfer is rate-limiting. RC were deemed appropriate as a scale-down model for 
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preparative chromatography applications where at high protein concentrations the 

adsorption itself is rate-limiting. Susanto et al. (2008) found that transport 

parameters (axial dispersion, lumped kinetic rate coefficients) in RC were greater 

when compared to laboratory-scale columns, both operated by an Äkta system. 

Whilst kinetic differences could not be explained, the investigations related 

differences in axial dispersion to wall effects. Wiendahl et al. (2008) compared 

dynamic binding capacities at RC and laboratory-scale. Differences were found to 

be < 30 % in most cases based on available data in the literature. Breakthrough 

curves at micro-scale were not of the same quality as could be expected from bench-

top experiments. Welsh et al. (2014) conducted dynamic binding capacity 

screenings which led to less accurate results for RC with slightly earlier and 

shallower BT before the 20 % mark. 

HTP experimentation in combination with RC has further been demonstrated for 

the estimation of model parameters in simulation studies (Keller et al. 2015; Keller 

et al. 2017; Pirrung et al. 2018; Susanto et al. 2008). Susanto et al. (2008) used batch 

uptake and RC experiments to measure model parameters for the separation of 

lysozyme with CIEX chromatography. Models were tested for the prediction of 

laboratory-scale chromatography profiles. Band-broadening was expected for RC 

due to greater axial dispersion (smaller diameter, wall effects), however, not 

observed experimentally, suggesting the effect was overcompensated by faster 

mass transfer kinetics. Keller et al. (2015) compared experimental chromatography 

data and column simulations. RC and labortory-scale systems were comparable 

when normalised by column volume and taking into account system differences. 

Simulations led to similar predicted chromatograms and retention volumes at both 

scales, using isotherm and transport parametes estimated for two CIEX resins. 

Keller et al. (2017) showed that the incorporation of operational differences 

between RC and laboratory-scale systems (approximation of continuous gradients 

by step gradients, fractionation pattern and eluent breakthrough profiles) enabled 

the prediction of trends for laboratory-scale step elution performance using 

parameter estimates from the RC system. Pirrung et al. (2018) determined 

mechanistic model parameters using batch uptake and RC experiments (binding 
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capacity and isotherm parameters) as well as self-interaction chromatography 

(second virial coefficient) for clarified cell harvest with a high concentration of IgG1 

as the main product. Tailing of the main product peak due to higher level aggregates 

was underestimated by the predictions. The authors concluded good overall 

agreement between laboratory-scale experiments and the predictions.   

In the practical setting, chromatography elution experiments were able to establish 

reasonable agreement of performance trends and chromatogram shapes across 

different scales, suggesting the feasibility of RC to provide guidance for scaling and 

assessing the operating space experimentally, as demonstrated by several research 

groups (Kiesewetter et al., 2016; Treier et al., 2012; Welsh et al., 2014; Wiendahl 

et al., 2008). Treier et al. (2012) purified mAbs in three successive chromatography 

steps at RC and laboratory-scale. Good comparability was found when results were 

presented with respect to column volumes. Wiendahl et al. (2008) found good 

reproducibility and congruence of elution profiles determined for 1 and 2 mL 

laboratory-scale columns and RC for the separation of a protein mixture with IEX 

chromatography, applying residence time scaling. Kiesewetter et al. (2016) 

demonstrated the applicability of RC for resin selectivity screening using multi-step 

pseudo-linear gradients. The authors used a ternary protein mixture to evaluate the 

impact of column size, flow rate, gradient design and fractionation pattern along 

with providing guidance for the implementation of HTP screening methods. In a 

practical example, the separation of mAb monomer from aggregate at high loading 

conditions indicated the applicability of the RC approach to predict larger scale 

performance. Welsh et al. (2014) investigated an HTP workflow to develop the 

polishing chromatography for the removal of mAb aggregates using batch 

incubation experiments for initial scouting, followed by RC runs to improve 

impurity resolution. The findings were used to narrow down the number of 

laboratory-scale confirmation runs (20 cm bed height) to acceptable conditions, 

demonstrating good qualitative and quantitative comparability between small and 

larger scale experiments.  
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The application of DoE methodology at micro-scale was studied for example by 

Feliciano et al., 2016; Petroff et al., 2015 and Welsh et al., 2016. Feliciano et al 

(2017) tested the feasibility of different micro-scale chromatography formats (batch 

filter plates, micro-tips, RC) against a standard 10 mL chromatography column 

employing screening designs to evaluate yield, purity and HCP removal during 

Protein A capture of a mAb. All formats could be used to improve the understanding 

of main trends and the significance of parameter inputs for yield and purity. HCP 

levels were more difficult to model although trends were still in-line with those 

expected at larger scale. RC enabled the most detailed statistical analysis and 

delivered very similar windows of operations in comparison with larger scale runs. 

Petroff, Bao, Welsh, van Beuningen-de Vaan, et al. (2016) explored the 

combination of HTP methods and DoE for the formal characterisation of antibody 

purification processes with CIEX and AIEX chromatography. After qualification 

of the scale-down RC model, the authors investigated two different routes for 

characterisation. The first route utilised RC experiments and high-resolution DoE 

to test promising parameter ranges and to narrow these down for subsequent 

focussed process characterisation at laboratory-scale. The second route used RC 

experiments in combination with high-resolution DoE as a direct path to process 

characterisation. In both instances, batch uptake experiments were employed for 

initial screening to limit the experimental space. Minor differences were found for 

models obtained at RC and laboratory-scale, and both accurately represented the 

responses leading to similar operating strategies. RC models were in statistical 

agreement with manufacturing scale data. Welsh et al. (2016) successfully applied 

a DoE-based HTP screening workflow using batch uptake experiments to define 

the experimental space for detailed investigations, followed by RC runs to develop 

the purification (affinity capture, IEX and MM chromatography) for a domain 

antibody fragment in the early stage process development environment, subject to 

tight material constraints. In this selection of studies the most commonly employed 

scaling approach is based on preserving residence time (Susanto et al. 2008; 

Wiendahl et al. 2008; Treier et al. 2012; Welsh et al. 2014; Petroff, Bao, Welsh, 

van Beuningen, et al. 2016). 
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Our case study expands on the available data and showcases the performance of RC 

in a head-to-head comparison with laboratory-scale columns for the separation of a 

ternary antibody feed in an industrially relevant setting. Briefly, we summarise the 

conditions for scaling: the elution conditions (loading, initial salt and slope of the 

gradient) were held constant at both scales; fractions were collected at the same 

relative volume of 1/3 CV resulting in the same number of data points for both 

column formats and improved chromatogram comparability; flow rates were 

adjusted to achieve a common residence time per CV; and results for the recovered 

product mass in the pool were normalised to [g] per [L] of resin.  

The raw data results from the case study were first presented in Figure 6-4 and 

deviations in the data investigated in Section 6.6 paying particular attention to 

replicate data points. Following the analysis and based on the arguments provided 

in Section 6.6, most RC duplicates and HPLC results were averaged. The focus of 

the investigations here lies on the differences between scales. With this in mind, 

similar trends can be observed for the data in the scatter plot of Figure 6-4 which 

also holds for conditions exceeding 60 g/L loading at which BT starts to influence 

yield. In addition, the limited BT data suggests that BT occurs in a similar region 

for both column formats. MB were previously used as a metric to inform about 

process deviations. They were found to be on average 10 % lower paired with 

higher variability for RCs (compare Table 6-4). However, variability was still 

within typical ranges of 10 % or less, referencing published data for elution 

experiments (Treier et al. 2012) and batch experiments (Kelley, Switzer, et al. 2008; 

Kramarczyk, Kelley, and Coffman 2008; Coffman, Kramarczyk, and Kelley 2008). 

Considering those conditions with matching parameter settings at micro- and 

laboratory-scale (averages per scale, ten conditions in total) a scaling factor of 

1.13 ± 0.07 was calculated, indicating that traditional laboratory experiments 

perform on average 13 % better than RC experiments. Larger differences between 

scales were noted for earlier runs with comparatively steep slopes (≥ 20 mM/CV in 

group 1), whereas smaller differences < 8 % were seen during later runs at high 

loading and shallow slopes (group 6). Superior performance at laboratory-scale was 
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not unexpected. For example, yield differences of 6 to 7 % were observed by Treier 

et al. (2012) as well as Welsh et al. (2014) who concluded that these were typical 

scale effects of minor practical significance. Generally, our results are in line with 

these findings supporting the applicability of a strategy based on RC to determine 

preferable operating regions in the experimental space.  

6.8 Data reduction and simplex simulation 

6.8.1 Overview of reduced data set 

All previous information generated during the data analysis process was taken into 

account to propose a data reduction strategy. The main objective for data reduction 

was to simplify visualisation and interpretation of the large raw data set and 

subsequent simulation studies. In the initial data reduction step replicated 

conditions per scale were averaged to facilitate the analysis of differences between 

scales. This was with the exception of data points that were excluded based on the 

arguments presented in Sections 6.6.1 and 6.6.2. To further reduce the data set, 

averages for both scales were calculated following adjustment of the RC data using 

the scaling factor of 1.13 (Section 6.7), leading to the final reduced data set depicted 

in Figure 6-10. 

  



166  Chapter 6 ‒ Scale-Down Optimisation and Simplex 
 

 

 
Figure 6-10. Reduced data for mass and yield with ≥ 95 % purity in the product pool. ‒ Capto SP 
ImpRes columns operated as 600 μL RC (3 cm bed height) and 5 mL laboratory-scale columns 
(10 cm bed height), both scales at 6 min (loading) and 3 min (wash, elution) residence time. Micro-
scale (RoboColumn) replicates are visualised by circles, laboratory-scale (Äkta) data by diamonds. 
Product BT ≥ 1 % is indicated by grey and BT ≥ 10 % by black arrows. RC replicates were averaged 
and factor scaled. Experiments subject to experimental failure or abnormal process behaviour were 
excluded.  

6.8.2 Simulation model building 

The reduced data set (Figure 6-10) was approximated with polynomial models to 

facilitate in silico simplex studies to analyse the performance of the simplex method 

for process optimisation retrospectively. The models were used to estimate values 

of the objective function for the operational conditions suggested by the simplex. 

In contrast to Chapters 4 and 5, the simplex method here was employed in a 

numerical fashion; however, the aim of the simulations was to maintain a strong 

emphasis on the experimental data. As with any model, the overall size and 

distribution of the data set will influence how accurately trends in the objective 

function are captured and can be predicted. The reduced data set used for model 

building comprised 20 conditions at micro-scale and 18 conditions at laboratory-

scale with an overlap of 52 % between the scales (same conditions at both scales). 

During the early stage of process development, the primary goal is to identify well 

performing areas of the experimental space quickly. Given the time limitations for 

this project, conditions at steeper slopes were assessed initially but the focus of 

subsequent experiments continued to be on shallow slopes of 12 or 15 mM/CV 
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which were favourable in terms of process performance and constitute 82 % of the 

data. Product BT of up to 16 % was observed at high column loading and affected 

42 % of the tested conditions.  

Two different approaches were exploited for model building. Polynomial fitting of 

unstructured experimental data was previously described as an element of the 

hybrid optimisation method presented in Chapter 5. The same methodology was 

used to build a quadratic model for product mass. The statistical analysis 

demonstrated adequate model fidelity and good values for the adjusted and 

predicted R2 coefficients (0.91 and 0.88 respectively, supplementary information in 

Appendix E.3). Models generated in the same fashion for yield were not deemed 

sufficient for simulation studies. R2 coefficients were ≤ 0.70 and residuals 

comparatively large (Appendix E.3). Instead of approximating yield with one single 

model, it was decided to perform a very localised fit. During this procedure, a liner 

model (a hyperplane, details see Appendix D.3) was fitted to the experimental data 

points in direct vicinity of the conditions suggested by the simplex. In three 

dimensions, this required four points. The closest four points were determined by 

calculating the Euclidean distances from the new simplex vertex to the experimental 

data. To avoid singular matrices during the calculations, the local set of points was 

forced to include at least one data point at a different slope from the remaining 

points. A new set of closest points was selected in every simplex iteration, therefore 

changing the model for yield throughout the simulations. This type of fit is different 

from evaluating the objective function directly in an experimental setting and bears 

some risk of artificially increasing noise and introducing edges in the surface model. 

Conversely, direct measurements of the objective functions are likely to produce 

smoother surfaces which can be considered to influence simplex performance 

positively. The local fitting procedure for yield and the model equation for product 

mass were implemented in MATLAB and called by the simplex algorithm 

(Materials and Methods, Section 2.8.3) for estimation of the objective function.  



168  Chapter 6 ‒ Scale-Down Optimisation and Simplex 
 

6.8.3 Predictive simplex simulation 

The simplex simulation was initiated from the first four conditions screened in the 

experimental development workflow (group 1, Section 6.5). To ensure the simplex 

simulations would only consider regions that were supported by experimental data, 

the search space was restricted to (30…90) g/L loading, (5…60) mM initial salt and 

(12…30) mM/CV gradient slope. The optimisation was driven by product mass as 

the objective function. For yield we defined a lower boundary of ≥ 65 %. This value 

seemed reasonable since high product yields were generally preferable and high 

yield estimates were also sufficiently supported by 25 % of the experimental 

conditions. The constraint was applied after the initial reflection to allow the 

simplex to gain momentum. As a stop criterion for the simulations, the simplex was 

halted when the objective function value of the worst performing vertex changed 

by less than 0.5 g/L resin over four iterations. As noted in the case study design 

section (Section 6.4) purity at ≥ 95 % was a global constraint and was applied at 

chromatogram level to determine the optimal product pool through dynamic 

pooling. 

When boundaries for the input and output variables, here the search space and yield, 

are defined, the chance increases that penalties are invoked on the reflection 

movement as well as the corresponding modified vertex (contraction, expansion; 

compare algorithm rules in Materials and Methods, Section 2.8.3). As a result, both 

vertexes receive a penalty value for the objective function that is highly undesirable. 

In such a case where more than one constraint is active, it is not clear which vertex 

should be transferred to the next iteration for optimal performance of the algorithm. 

When the simplex algorithm is used for experimental optimisation, the operator can 

use their experience and knowledge to make a judgement. For the simulations and 

in absence of a very large data set, it was necessary to implement tie breaking rules. 

We found the following tie breaking rule to be effective: in case both the reflection 

and the modified vertex were assigned a penalty, the vertex with the poorer yield 

was rejected, unless the better performing vertex violated the space constraints 

(input parameters). 
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In the simulations, the simplex converged after 11 iterations (15 conditions 

including initialisation) following the path depicted in Figure 6-11, identifying a 

favourable operating condition for high loading at 78.9 g/L resin combined with 

low initial salt at 7.8 mM and a moderate slope of 18.9 mM/CV, located in a similar 

region to that identified during the experimental workflow using experience. The 

remaining vertexes in the final simplex produced similar results for product mass 

(Table 6-6.), however, yields were below the target which could be an indication 

that the simplex converged close to the defined lower yield boundary. On the 

contrary it must also be considered that high values for yield may be an 

overestimation by the model.  

On its path, the simplex followed trends in the objective function for product mass. 

These were mainly controlled by loading, as seen before in the case study of 

Chapter 5, and as would generally be expected for preparative chromatography. BT 

was modulated by the salt concentration as illustrated by the preparative 

chromatograms of Figure 6-12. These chromatograms were obtained at 

experimental conditions tested most closely to those found in the last simplex 

iteration. Interestingly, the chromatograms display no selective removal of the weak 

impurity as seen in the previous case study, Figure 5-5c. Instead, the impurity in the 

front end of the peak and the product are breaking through together and therefore, 

less is to be gained by operating at BT. The results of the simplex study need to be 

confirmed experimentally. Ideally this would include additional experiments to 

outline a window of operation and different slopes to delineate the BT region. Due 

to time constraints, such additional runs and experimental verification were not in 

the scope of the case study. Nevertheless, the simulation results suggest the 

suitability of the simplex method as a screening tool for the rapid identification of 

promising operating regions. 

For process development scientists the chromatograms in Figure 6-12 and 

previously in Figure 5-5 given the level of product breakthrough would not be 

intuitively considered to be an optimal process. The simplex method and the 

experience gained throughout the case studies encouraged us to consider promising 
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operating conditions that have taken us to arguably non-intuitive regions in the 

experimental space. Therefore, the case studies stipulate an interesting discussion 

whether chromatogram shape is important as long as the process can be operated 

reproducibly and if its “aesthetic” properties can be disregarded if all metrics of 

performance are met and maximised.  

Table 6-6. Selected experimental raw data points and simulated vertexes in the final simplex 
optimised for product mass, defining ≥ 95 % purity and ≥ 65 % yield constraints.  

Ranked 
vertexes 

Loading,   
g/L resin 

Initial salt, 
mM 

Slope, 
mM/CV 

Product mass, 
g/L resin 

Yield,  
% 

Best 73.3 26.7 13.3 40.4 61.5 
- 78.9   7.8 18.9 39.3 65.3 
Next-to-worst 80.6 15.7 14.3 42.0 55.1 
Worst 79.5 16.6 14.7 41.7 49.9 
      

Experimental  80.0   5.0 15.0 41.9 52.4 
raw data  80.0 23.0 15.0 45.3 56.6 

Note: A preferred operating condition is highlighted in bold numbers. Experimental raw data are 
averaged for micro- and laboratory-scale, adjusting the RC data using a scaling factor of 1.13. 

 
Figure 6-11. Simulated simplex for product mass as the objective function in g/L resin. ‒ Product 
purity in the pool ≥ 95 %. Yield constraint ≥ 65 %. Final simplex vertexes are visualised by squares. 
Averages for combined micro-scale (○) and laboratory-scale (◊) experimental data, adjusting the 
micro-scale data using a scaling factor of 1.13. 
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a) b) 

  

Figure 6-12. Experimental preparative chromatograms closest to in silico simplex optimum. ‒ 
Micro-scale experiments at 80 g/L loading, 15 mM/CV gradient slope and varying initial salt levels: 
a) 5 mM, b) 23 mM. Experiments performed with 600 μL Capto SP ImpRes columns (3 cm bed 
height) at 6 min (loading) and 3 min (wash, elution) residence time. Colours indicate product of 
interest (�), weak (�) and strong (�) impurity. Linear gradients approximated by steps (┌┘). Final 
product pools for ≥ 95 % purity depicted by dotted lines (:). 

6.9 Conclusions 

The investigations presented in this chapter were focussed around three main 

aspects. Firstly, a gradient chromatography method for the new generation of Tecan 

Fluent liquid handling stations was implemented, characterised and tested in direct 

comparison to laboratory-scale methods. To improve the HTP workflow, two 

assays for offline sample analysis were evaluated as alternatives to standard 

pathlength and absorbance measurements for well plates. For the analysis of 

fraction volumes, the pressure-based VMS system was less susceptible to potential 

errors introduced by variations in the sample and liquid surface characteristics in 

wells. The requirement for sample dilutions could be circumvented using a 

microchannel design for spectrophotometric measurement of protein 

concentrations. Sample preparation for these assays could be automated with 

further potential for physical instrument integration with the liquid handling 

platform. HPLC is commonly used for selective protein quantification. We showed 

that by using two slightly different approaches to analyse HPLC data, the 

contributions from different sources of error could be distributed, adding an element 
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of robustness to the same sample and injection. For the head-to-head comparison 

of the micro-scale RC method with conventional Äkta laboratory-scale 

chromatography, operating parameters for loading and the elution gradient were 

translated based on residence time scaling. Scale-down was demonstrated for 5 mL 

columns with 10 cm bed height to 600 μL RC, expressing the recovered product 

in g/L resin. Comparable chromatograms were achieved by maintaining the same 

relative fraction volume across scales and approximating linear gradients with a 

step size equal to 1/3 CV.  

HTP operation and the number of offline samples generated created some 

challenges for the comparison of data across both scales. The second aspect of the 

studies was therefore to highlight the steps taken to curate the data and diagnose 

sources of variability. Following the analysis, trends were shown to be reproducible 

across scales. This also applied to conditions near the capacity of the resin and for 

BT introduced as a result of increased salt concentrations at the start of the elution 

gradient. Slightly lower performance and 10 % lower-than-average mass balances 

(overall scaling factor 1.13 ± 0.07) were determined at micro-scale. The results 

were in line with the literature and confirmed the use of RC for an adequate scale-

down strategy to guide and accelerate process development whilst reducing 

material consumption.  

Finally, the HTP data set was exploited for conceptual studies of the simplex 

method, comparing its performance against experienced-based development 

activities. For this purpose, simulations were conducted with a strong emphasis on 

the experimental data, building quadratic models for product mass as the objective 

function and estimating yield using local linear fitting. The simulations were 

deemed representative of the case where the simplex is applied directly to guide 

experiments in a practical setting. The simplex followed the trends in the 

experimental data and converged in a similar region that had been identified using 

experiments driven by experience. The simulations indicated an operating sweet 

spot at 79 g/L loading, 8 mM initial salt and 19 mM/CV slope, predicting 39 g/Lresin 

of product for a purity target ≥ 95 % and ≥ 65 % yield.  
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In summary, this case study endorses HTP methods as a powerful tool to reduce 

material consumption and accelerate experiments at the early development stage. 

Whilst the experience-based development workflow was successfully shown to 

narrow down a suitable operating region in a limited number of selected 

experiments and a limited time frame of the studies, the simulations suggest that 

similar results can be obtained using a simplex-based optimisation approach. 

Therefore, this example of an industrially-relevant ternary separation of an antibody 

mixture can be viewed as an important step to understand the advantages and 

limitations of the employed micro-scale method for rapid optimisation. 
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7 Conclusions and Future Directions 

7.1 Summary and implications of the research 

Methodologies to develop the polishing chromatography for binary and ternary 

antibody feeds were demonstrated in three case studies at the early phase of process 

development in an industrial setting. An essential first step was the selection of 

relevant feedstocks in Chapter 3 which served two main purposes ‒ firstly to create 

development scenarios that were representative of modern challenges faced by the 

biopharmaceutical manufacturing industry, and secondly to investigate and 

increase insight surrounding the application of state-of-the-art experimental 

optimisation strategies. Some of the main hurdles found to limit the number of 

potential feed candidates was the availability of feed material and appropriate 

assays to reliably assess process behaviour.  

Management of resource, tight timelines and the unpredictable nature of large 

biomolecules are commonly encountered obstacles at the early development stage 

and played a major part throughout this research. The challenges associated with 

the development of CIEX chromatography in particular were multi-facetted. The 

optimisation of operational parameters for loading and the elution conditions was 

driven by multiple objectives and constraints. Different objective functions were 

formulated with the aim to diagnose and explore trade-offs. For the more complex 

ternary separations in Chapter 5 and 6, maximising product mass was a key 

objective and strongly correlated with loading as an operational input. Conventional 

trade-offs for product mass were observed with opposite tendencies to yield. The 

effects of BT were investigated in both case studies which revealed high-

performing regions in the experimental space that are not typically considered 

during the development of polishing chromatography. The impact of BT on the 

selectivity of the separation but also in terms of productivity, taking into account 

recovered product mass and cycle time, were studied in detail in Chapter 5. The 

findings showed that to gain performance it is worthwhile to fully exploit the 
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binding capacity of modern CIEX resins, even in the vicinity of BT and that despite 

assumptions about typical chromatography trade-offs, antibodies exhibit 

appreciable variety and complexity during separation. 

To respond to this variety, it is beneficial to select the most suitable optimisation 

approach from a suite of different tools. One of the goals of this thesis was to extend 

the utility of the simplex algorithm by applying it to relevant practical problems, 

exemplifying the methodology as an attractive option for experimental 

optimisation. In the initial proof-of-concept study in Chapter 4 the simplex method 

was employed to narrow down an operating region for a binary antibody system 

studying loading, salt concentration and pH during step elution. Non-eluting 

conditions at low pH were not a concern for the simplex optimisation, however, 

these challenged the central composite DoE design that was set up to cover wide 

factor ranges in addition to regions searched by the simplex. The study illustrated 

some limitations of DoE, for example some preliminary information is often needed 

to ensure DoE experiments are conducted with feasible parameter combinations and 

within the region of the optimum. Investigations of irregular regions may therefore 

necessitate more elaborate designs (optimal designs, space filling designs) and 

require advanced knowledge in statistical analysis and for model generation and 

evaluation. Conversely, the simplex algorithm does not rely on models and is 

readily implemented in Excel or MATLAB. The proof-of-concept study showed 

that the simplex is well suited for screening and optimisation with minimal prior 

knowledge which is a common limitation in the early phase of process 

development. A strength of DoE is that it can provide detailed and valuable insight 

into process and parameter interactions which is of increasing importance as 

development activities progress to later stages. 

Dynamic and interactive properties of the simplex algorithm were the focus of the 

investigations of Chapter 5. We presented a hybrid method that demonstrated the 

simplex in tandem with local fitting of unstructured experimental data to 

successfully identify a suitable window of operation. The unstructured data was 

regressed to visualise major trends for different objective functions for mass and 
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productivity. The studies delivered process knowledge which facilitated Monte 

Carlo simulations to gain insight into process robustness and to predict a high 

performing design space. The example highlighted the simplex as a dynamic 

method that can use experimental data taking into account information from 

different sources and be applied to optimise processes efficiently. 

In contrast to Chapter 5, the simplex in Chapter 6 was not used directly for 

experimental optimisation. Instead the simplex was explored conceptually using 

simulations to test its feasibility in combination with HTP liquid handling robots 

employing RC as a scale-down strategy. In the case study, the gradient elution 

experiments were selected based on experience from the previous case studies to 

develop the polishing chromatography for a three-component antibody mixture 

under tight timelines. Simplex simulations were performed retrospectively on the 

basis of the experimental data and confirmed the general applicability of the 

approach. Additional aspects of the studies focussed on the characterisation and 

qualification of the implemented micro-scale chromatography method using state-

of-art liquid handling robots and plate-based assays to measure protein 

concentrations and well volumes. These technologies were evaluated briefly and 

their overall impact on chromatogram variability investigated. For this purpose and 

to enable a comparison to conventional benchtop systems, experiments conducted 

at laboratory-scale were transferred to micro-scale adjusting the flow rate to a 

common residence time whilst keeping the same loading and elution conditions and 

maintaining chromatogram resolution based on relative fraction volumes. The 

results showed good comparability and reproducible tendencies for product mass 

and yield across the two scales which were in agreement with findings in the 

literature. Initial steps were taken to automate data handling and analysis as well as 

communication between devices where possible, to support the long-term goal of a 

fully automated and integrated workflow. Whilst the performance of RC was 

closely compared to traditional benchtop systems, the implications of operational 

difference have yet to be fully investigated and full automation with integration of 

analytical methods demonstrated. 
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7.2 Future directions 

Future case studies may be envisaged to showcase the potential of simplex-based 

process development strategies in combination with HTP platforms. The 

implementation of the simplex for the optimisation of two column steps in one unit 

is a logical extension of the approach shown in this thesis. Column sequences are a 

common feature of mAb platforms used during the polishing steps. By considering 

the optimisation of two columns simultaneously, the parameter space increases 

almost twofold (loading being a shared parameter). At the same time, it becomes 

more difficult to predict which parameter combinations may not be practically 

achievable or where the global optimum lies. This provides opportunities to fully 

exploit and test the benefits attributed to the simplex algorithm. For example, the 

number of experiments per iteration is by definition unaffected by the dimensions 

of the inputs and the nature of the algorithm is set to drive the simplex away from 

unfeasible conditions. HTP platforms provide the capacity to screen two or more 

column chemistries alongside. The application of the simplex method for the 

optimisation of column sequences using scale-down models would therefore be an 

interesting endeavour with potential to advance the research in both areas.  

Other aspects of future work could include the full automation of the simplex 

approach on a liquid handling robot. Assuming that logistics around hardware and 

software integration as well as analytical bottlenecks in HTP experimentation can 

be addressed, the idea would be to enable an automated development framework 

with the simplex as a central element to define and execute experiments to explore 

a design space. The emphasise of such a framework would be on the automation of 

experimentation as well as decision making. Inspired by the hybrid character of the 

simplex method proposed in Chapter 5 and with emphasis on rapid optimisation 

that makes maximum use of available process information, it may be desirable to 

explore ways to enhance the parallel processing capacity of robotic stations and 

how these can be used to exploit data from different sources, such as exploratory 

data points (Chapter 5).  
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A more fundamental area of research concerns the implementation and application 

of constraints, particularly in a scenario where multiple constraints are active, as 

noted in Chapter 6. In this scenario, we implemented tie breaking rules to deal with 

the cases where bounds on the input parameters and/or yield as an output were 

violated. Although our definition and implementation of penalties seemed 

reasonable and effective, our understanding of the impact of the tie breaking rules 

is limited by the data set we have and cannot be generalised at present.  

In the case studies of Chapters 5 and 6, constraints of a somewhat different nature 

were defined for purity, since purity was incorporated as a global constraint for 

dynamic pooling. Dynamic pooling constituted an intermediate level for 

optimisation, and although the concept of dynamic pooling in preparative 

chromatography has been studied by some researchers, it remains an active field of 

research (Arkell et al. 2018; Borg et al. 2014; Westerberg, Degerman, and Nilsson 

2010; Shan and Seidel-Morgenstern 2004; Sreedhar et al. 2013).  

Whilst there remain plenty of opportunities for further research in the field of 

preparative chromatography and optimisation, we believe the simplex method is a 

valuable tool for screening and optimisation during process development, 

particularly at the early stage. The case studies demonstrate that it is an effective 

and interactive method to accommodate different study designs and objectives. 

Therefore, it should be part of every scientist’s tool kit to perform state-of-the-art 

experimental optimisation. 
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Appendix A Supplementary Data Chapter 2 

A.1 Column performance testing 

Column performance of IEX and CHT resins was tested using an Äkta Avant 25 

system by analysing the change of the conductivity signal upon injection of an 

unretained salt sample containing 1.75 M NaCl in PBS buffer (137 mM NaCl, 

2.7 mM KCl, 8.1 mM Na2HPO4, 1.5 mM KH2PO4, pH 7.2). The sample volume 

was calculated as 2.5 % CV and injected through an appropriately sized sample 

loop. Prior to use, the sample loop was cleaned with 70 % v/v EtOH, flushed with 

ddH2O and primed with the sample. The test protocol followed a sequence of steps 

programmed in Unicorn software. Firstly, the column was equilibrated in PBS 

buffer at a flow rate of 150 cm/h for 5 CV. The flow rate was then reduced to 

75 cm/h for the duration of 1 CV, followed by sample injection at the same reduced 

flow rate. The conductivity signal was integrated within the Unicorn software and 

performance evaluated based on HETP (acceptance ~ 3000 1/m) and peak 

asymmetry (acceptance between 0.8 and 1.4). 

A.2 Protein precipitation curves for HIC 

Protein precipitation in the presence of ammonium sulphate was measured 

spectrophotometrically to determine the binding conditions for HIC (Section 2.4.2). 

Figure A-1 shows the absorption measurements at 350 nm wavelength for the two 

feed mixtures used in Chapters 5 and 6. The final ammonium sulphate (AS) 

concentration in the HIC equilibration buffer was selected 0.2 M below the onset 

of precipitation.  
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Figure A-1. Precipitation curves for Feed II and III. – Feed II in 50 mM Na phosphate + AS, pH 7, 
c (Protein) = 1 g/L (); Feed III in 50 mM Na phosphate + AS, pH 7, c (Protein) = 3 g/L (duplicates 
� �); Feed III in 50 mM Tris-HCL + AS, pH 8, c (Protein) = 8 g/L (�).  

A.3 On-the-fly calculations during automated gradient 

chromatography with Tecan Fluent 

The Tecan Fluent script used default variables and imported variables including 

user input variables from an Excel sheet and derived Tecan variables. These 

variables enabled the calculation of pipetting volumes on-the-fly during wash 

buffer and gradient buffer preparation. The number of pipetting tips �'�])\ 

corresponded to the number of RoboColumns and was controlled by the Tecan 

function tipmask. The information per tip was stored in arrays, defined by squared 

brackets within Fluent Control.  

The buffer composition during the post-loading wash and the first gradient step was 

defined by the initial salt concentration at gradient start �&�*$�5�]5 and determined 

the volumes of buffer A 0�'���+0 at concentration �\']5�]52 and buffer B 

(�'���+ℎ0  at concentration �\*�5�]5) in [μL] to be mixed. Concentrations were 
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measured in [mM]. The composition of the wash buffer for a total volume of [¢*&ℎ 

[μL] plus an excess was determined as follows:  

�'���+ℎ0��'�])\� = 0[¢*&ℎ + 10002 ∙ 0£;QdyQkcZk�QP¤Z¥a�D£aPZkcZk�QP¤Z¥a�2
£ad�kcZk�QP¤Z¥a�   

 

�'���+0��'�])\� = 0[¢*&ℎ + 10002 − �'���+ℎ0��'�])\�  
 

The elution gradient was generated as a sequence of buffer steps ! in a similar 

fashion, given a gradient step size �&�%�5�]5 in [mM/step] and controlled by the 

variable �&�%�*(m: 

�&�%�*(m��'�])\� = 0�&�*$�5�]5��'�])\� − �\']5�]5��'�])\�2
�&�%�5�]5��'�])\�  

Tip volumes were determined in excess of gradient step volumes �&�%���+ 
(factor 2) using the following equations: 

�'���+ℎ0��'�])\� = 2 ∙ �&�%���+ ∙ 0:D�x£;Q}¤den�QP¤Z¥a�2∙£;Q}¤kcZk�QP¤Z¥a�
£ad�kcZk�QP¤Z¥a�   

 

�'���+0��'�])\� = 2 ∙ �&�%���+ − �'���+ℎ0��'�])\�  
 

Boundary conditions for the gradient were defined: 

'L  �'���+ℎ0��'�])\� < 0  �ℎ%]  

�'���+ℎ0��'�])\� = 0  

 

'L  �'���+ℎ0��'�])\� > 2 ∙ �&�%���+  �ℎ%]  

�'���+ℎ0��'�])\� = 2 ∙ �&�%���+   
 

'L  �'���+0��'�])\� < 0  �ℎ%]  

�'���+0��'�])\� = 0  

 

'L  �'���+0��'�])\� > 2 ∙ �&�%���+  �ℎ%]  

�'���+0��'�])\� = 2 ∙ �&�%���+   
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Temporary volumes (denoted by 0) were translated to final volumes considering 

whether a positive (IEX chromatography) or negative (HIC) gradient was to be 

generated: 

'L  �&�%�5�]5��'�])\� < 0  �ℎ%]  

�'���+��'�])\� = �'���+ℎ0��'�])\�  
�'���+ℎ��'�])\� = �'���+0��'�])\�  

%+&% 

�'���+��'�])\� = �'���+0��'�])\�  
�'���+ℎ��'�])\� = �'���+ℎ0��'�])\�  
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Appendix B Supplementary Data Chapter 3 

B.1 Selectivity calculations 

Selectivity is expressed by the separation factor ¦ which describes the relative 

retention of two chromatographic peaks and their capacity factors .§(Fornstedt, 

Forssén, and Westerlund 2015). It reflects the time compounds spend in the 

stationary phase �� compared to the time spent in the mobile phase. The time spent 

in the mobile phase is independent of the compound and equals the dead time �". 

¦  
-<

¨ 

-C
¨  

Q©<DQ>

Q©CDQh
  with ¦ t 1 

B.2 High-level feed stability data 

 

Figure B-1. Feed I variability and stability data. ‒ █ Total impurity represents the sum of aggregates 
measured by SE-HPLC. █ Fragment is observed after three days of storage. The variability of the 
applied loads is measured in standard deviations (n = 10).  
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Figure B-2. Feed II variability and stability data. – █ Spiked antibody (weak impurity) and █ sum 
of product aggregates (strong impurity) measured by SE-HPLC. The variability of the applied loads 
is measured in standard deviations (n = 76). Variability of feed samples during storage is given as 
range (n = 2). Freeze/Thaw values are single measurements. 
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Appendix C Supplementary Data Chapter 5 

C.1 Partial DoE Study 

A central composite design was built covering low to moderate loading and high 

initial salt concentrations with a fixed elution endpoint at 381 mM salt 

(75 % buffer B) for a 10 CV gradient. pH was included in the factor space. In the 

partial DoE study, the first subset of five design experiments given in Table C-1 

was conducted. These points performed inferior to the simplex points and 

consequently the DoE study was not completed. Thus, DoE methods played no 

further role in producing points other than those presented in Table C-1. 

Table C-1. Measured points of the central composite design matrix. 

Design Point Type Loading, g/L resin Initial Salt, mM pH 

Factorial 15.0 72.5 5.0 

Factorial 30.0 72.5 5.0 

Axial 22.5 120.0 5.0 

Factorial 30.0 167.5 5.0 

Factorial 15.0 167.5 5.0 
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C.2 Tabulated experimental data 

Table C-2. Experimental data during simplex optimisation. 

Iterations Vertex type Input variables Output variables  
(product in the pool) 
 

Objfun 

  Load, 
g/L 

Initial 
Salt, 
mM 

Slope, 
mM/CV 

Yield 
       (Y),      
  %  

Mass 
(M),   
mg 

Cycle 
time 
(T), 
min 
 

MY/T, 
mg/min 

1 B 36.0 25.0 17.0  71.5 129 106 0.874 
 

 - 33.0 35.0 25.0  66.6 110   88 0.841 
 

N 30.0 30.0 10.0  72.4 109 131 0.606 
 

W 25.0 25.0 12.5  73.8   93 123 0.556 
 

R 41.0 35.0 22.2    Penalty  -  -  - 

2 CW 29.0 27.5 14.9  70.4 103 105 0.685 

3 R 35.3 28.3 27.9  61.3 109   86 0.774 

4 E 38.0 27.5 36.9  54.0 103   82 0.681 

5 R 40.6 31.4 31.7  60.6 124   87 0.860 

Re-
initilisation 
(Y ≥ 70 %) 

B (1) 36.0 25.0 17.0  71.5 129 106 0.874 

 - (2) 29.0 27.5 14.9  70.4 103 105 0.685 

N (1) 30.0 30.0 10.0  72.4 109 131 0.606 

W (1) 25.0 25.0 12.5  73.8   93 123 0.556 

6 R 38.3 30.0 15.4  71.0 137 111 0.876 

7 E 45.0 32.5 16.9  70.7 160 111 1.016 

8 R 43.3 26.7 22.6 Penalty: 67.8 148 100 1.003 

9 CW 33.3 29.2 13.1  72.4 121 115 0.762 

10 R 47.2 30.3 16.5  72.5 172 113 1.106 

 R (repeat) 47.2 30.3 16.5  67.5 160 110 0.980 

Note: Penalised conditions are highlighted in bold numbers. For repeated runs, averages were used 
during data analysis. 
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Table C-3. Summary of exploratory points. 

Point selection Load, 
g/L 

Initial 
Salt, 
mM 

Slope, 
mM/ 
CV 
 

Yield 
(Y),   
% 

Mass 
(M),    
mg 

Cycle 
time (T), 
min 

MY/T,  
mg/  
min 

BT,   
% 

Hand-picked 1  
50.0 25.0 10.0 74.3 187 146 0.948 0 

Mathematica 1  
49.0 29.0 18.0 68.4 169 110 1.049 0 

Mathematica 2  
61.0 33.0 15.0 66.8 205 124 1.107 0 

Mathematica 3  
30.0 25.0 47.5 43.7 66 71 0.406 0 

DoE 1  
30.0 167.5 21.4 71.6 108 70 1.108 0 

DoE 1 (repeat)  
30.0 167.5 21.4 69.1 104 70 1.031 0 

DoE 2  
15.0 72.5 30.9 62.1 47 64 0.451 0 

DoE 3  
30.0 72.5 30.9 61.1 92 75 0.755 0 

DoE 4  
22.5 120.0 26.1 67.0 76 68 0.750 0 

DoE 5  
15.0 167.5 21.4 74.8 56 60 0.702 0 

Mathematica 4  
70.0 93.0 10.0 68.2 240 134 1.225 0 

Mathematica 5*  
60.0 135.0 12.0 72.0 217 110 1.427 0 

Mathematica 6*  
60.0 150.0 12.0 72.3 218 107 1.476 3 

Mathematica 7*  
60.0 165.0 12.0 66.8 201 104 1.295 15 

Hand-picked 2     
(low salt) 

80.0  30.0 15.0 62.2 250 136 1.143 0 

Hand-picked 2 
(repeat) 

80.0  30.0 15.0 62.9 253 137 1.158 0 

Hand-picked 3* 
(high salt) 

80.0  120.0 15.0 64.3 258 119 1.395 7 

Hand-picked 4* 
(high load) 

110.0  30.0 15.0 55.0 304 157 1.062 9 

Hand-picked 5* 
(BT) 

80.0  100.0 25.0 57.2 230 111 1.183 1 

Hand-picked 6* 
(BT) 

90.0  70.0 35.0 45.5 206 116 0.808 1 

Hand-picked 7* 
(BT) 

95.0  40.0 15.0 58.3 279 146 1.116 1 

Hand-picked 8* 
(BT) 

45.0  180.0 15.0 72.4 164 85 1.396 10 

Hand-picked 9* 
(BT) 

55.0 150.0 15.0 72.5 200 98 1.486 1 

Note: Points marked with “*” were used to fit the product breakthrough (BT) curve.
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Appendix D Supplementary Data Chapter 6 

D.1 Calibration curves 

a)  b) 

 

 

Figure D-1. CIEX HPLC calibration curves for pure individual components of Feed III. – Data 
points and regression lines for product of interest (�), weak (□) and strong (�) impurity. Nominal 
concentrations measured with Lunatic spectrophotometric assay. Liquid class “water default” used 
for independent dilutions. Error bars show standard deviations for two or three replicates. Two 
systems with identical method set-up: a) System series 1100, b) System series 1260. 

Table D-1. Calibration equations for the three antibodies (Feed III) on two CIEX HPLC systems. 

Compound HPLC System A (Series 1100) HPLC System B (Series 1260) 

Weak impurity Area [AU] = 0.7031 Conc [g/L] 
R2 = 0.997 

Area [AU] = 0.6539 Conc [g/L] 
R2 = 0.996 

Strong impurity Area [AU] = 0.5968 Conc [g/L] 
R2 = 0.996 
 

Area [AU] = 0.5583 Conc [g/L] 
R2 = 0.999 

Product of interest Area [AU] = 0.7382 Conc [g/L] 
R2 = 0.995 

Area [AU] = 0.7111 Conc [g/L] 
R2 = 0.998 
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D.2 Tabulated experimental data 

Table D-2. Experimental data collected for development of the polishing chromatography for Feed III. 

ID Input variables Outputs for                  
HPLC Percent 

Outputs for                   
HPLC Area 

Averaged output               Fractions                                      
□ containing protein 

 
□ all 

    Load, 
g/L 

Initial 
Salt, 
mM 

Slope, 
mM/ 
CV 

Mon. 
Mass, 
g/L 

Mon. 
Yield, 

% 

Total 
MB,  
% 

Mon. 
Mass, 
g/L 

Mon. 
Yield, 

% 

Total 
MB,  
% 

Mon. 
Mass, 
g/CV 

Mon. 
Yield, 

% 

Cycle 
time, 
min 

# 
Fract-
ions  

Av. 
Vol., 
μL 

SD 
Vol., 
μL 

Av. 
Vol., 
μL 

1 R 1   ■ 50 40 20 24.2 48.3 78 22.6 45.2 78 24.3 48.6 57 20 172 19 185 
   50 40 20 24.6 49.2 78 25.9 51.7 80  o  o 56 20 177 31 188 

R 2* ■ 65 25 20 26.4 40.6 63 28.7 44.2 65 32.1 49.4 67 23 177 29 192 
   65 25 20 31.5 48.5 81 32.7 50.4 84  -  - 67 28 177 29 182 

R 3   ■ 40 30 30 19.3 48.3 80 20.6 51.4 83 18.8 46.9 46 12 188 37 195 
   40 30 30 16.6 41.5 80 18.6 46.6 82  o  o 46 14 168 43 185 

R 4   ■ 55 20 25 26.4 48.1 83 27.3 49.7 88 26.9 48.9 57 21 172 26 191 
   55 20 25 23.0 41.8 71 21.9 39.8 74  -  - 57 18 160 27 175 

2 R 5   ■ 35 20 15 20.0 57.2 86 20.0 57.0 85 20.0 57.1 60 20 199 3 205 
   35 20 15 13.6 39.0 62 12.7 36.3 55  -  - 57 16 193 20 199 

R 6   ■ 40 30 15 19.1 47.6 75 19.1 47.8 73 19.8 49.6 58 19 196 10 201 
   40 30 15 21.0 52.5 79 20.2 50.5 76  o  o 61 20 194 12 198 

R 7   ■ 50 50 12 22.6 45.1 73 22.4 44.8 71 23.6 47.1 64 26 198 13 201 
   50 50 12 25.2 50.5 72 24.0 48.1 70  o  o 67 25 189 20 195 

R 8   ■ 45 20 12 23.1 51.3 85 23.9 53.0 85 23.5 52.1 70 30 195 22 200 
   45 20 12 20.6 45.8 69 26.6 59.2 82  -  - 71 26 186 21 192 

3 R 9   ■ 60 15 15 33.0 55.1 79 31.7 52.9 80 32.7 54.6 72 27 180 8 181 
   60 15 15 32.4 54.0 87 33.8 56.3 86  o  o 72 31 194 19 190 

R 10 ■ 65 10 15 33.6 51.7 73 33.6 51.6 74 34.3 52.8 75 27 203 24 196 
   65 10 15 35.1 54.0 93 33.5 51.5 88  -  - 76 39 194 7 173 

R 11 ■ 50 40 15 30.0 60.1 71 30.2 60.4 69 26.7 53.3 65 22 145 42 152 
   50 40 15 24.6 49.2 79 21.8 43.7 77  o  o 62 22 194 17 197 

R 12 ■ 60 15 12 31.6 52.6 82 31.5 52.4 80 32.9 54.9 78 33 179 11 184 
   60 15 12 34.5 57.6 84 34.1 56.9 83  o  o 78 31 189 13 188 
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ID Input variables Outputs for                  
HPLC Percent 

Outputs for                   
HPLC Area 

Averaged output               Fractions                                      
□ containing protein 

 
□ all 

    Load, 
g/L 

Initial 
Salt, 
mM 

Slope, 
mM/ 
CV 

Mon. 
Mass, 
g/L 

Mon. 
Yield, 

% 

Total 
MB,  
% 

Mon. 
Mass, 
g/L 

Mon. 
Yield, 

% 

Total 
MB,  
% 

Mon. 
Mass, 
g/CV 

Mon. 
Yield, 

% 

Cycle 
time, 
min 

# 
Fract-
ions  

Av. 
Vol., 
μL 

SD 
Vol., 
μL 

Av. 
Vol., 
μL 

4 R 13  ■ 35 60 15 23.3 66.4 101 22.4 64.1 96 22.5 64.3 50 20 197 5 194 
   35 60 15 21.3 61.0 93 22.9 65.5 97  o  o 50 19 198 14 199 

R 14  ■ 45 50 15 24.7 54.8 89 25.9 57.5 90 25.8 57.2 56 23 196 14 195 
 45 50 15 26.2 58.1 93 26.4 58.6 96  o  o 57 24 202 7 201 

R 15  ■ 45 60 15 26.6 59.1 87 25.6 56.9 87 26.3 58.3 55 23 199 9 196 
   45 60 15 26.5 58.9 87 26.3 58.5 90  o  o 55 22 203 12 201 

R 16  ■ 55 25 15 31.6 57.5 91 31.5 57.3 92 32.2 58.6 67 29 197 16 195 
   55 25 15 32.8 59.6 93 33.0 60.0 92  o  o 67 25 204 7 203 

5 R 17  ■ 60 30 15 27.6 46.0 83 33.4 55.7 90 34.3 57.2 87 35 183 10 185 
   60 30 15 33.1 55.1 93 35.2 58.7 89  -o  -o 87 34 190 12 193 

R 18*■ 75 28 15 33.0 44.0 87 38.0 50.7 89 37.1 49.4 96 42 188 8 190 
   75 28 15 33.6 44.7 91 36.2 48.2 91  -o  -o 96 42 192 16 194 

R 19*■ 75 13 15 32.5 43.3 85 36.4 48.5 85 35.9 47.8 99 42 190 14 191 
   75 13 15 31.5 42.0 82 35.4 47.1 86  -o  -o 99 41 193 20 196 

R 20*■ 80 23 15 37.0 46.2 91 41.1 51.3 91 40.1 50.1 100 43 189 18 191 
   80 23 15 36.0 45.0 87 39.1 48.9 92  -o  -o 100 42 191 23 196 

6 R 21*■ 70 10 15 40.2 57.4 99 39.3 56.1 106 39.2 56.0 99 43 185 7 186 
   70 10 15 38.2 54.6 95 38.6 55.1 108  o -  o - 99 43 189 20 190 

R 22*■ 80 5 15 40.1 50.1 92 40.3 50.4 101 38.3 47.8 105 42 192 22 192 
   80 5 15 36.4 45.5 86 37.3 46.6 97  o-  o- 105 43 179 6 180 

R 23*■ 85 0 15 39.5 46.5 88 38.8 45.7 94 38.8 45.6 109 39 189 28 190 
   85 0 15 38.0 44.7 81 37.7 44.4 87  o-  o- 109 38 180 5 180 

R 24*■ 90 5 15 41.7 46.3 92 44.0 48.9 100 40.0 44.4 110 44 190 20 190 
   90 5 15 38.3 42.6 84 39.3 43.6 91  o-  o- 110 42 166 6 168 
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ID Input variables Outputs for                  
HPLC Percent 

Outputs for                   
HPLC Area 

Averaged output               Fractions                                      
□ containing protein 

 
□ all 

    Load, 
g/L 

Initial 
Salt, 
mM 

Slope, 
mM/ 
CV 

Mon. 
Mass, 
g/L 

Mon. 
Yield, 

% 

Total 
MB,  
% 

Mon. 
Mass, 
g/L 

Mon. 
Yield, 

% 

Total 
MB,  
% 

Mon. 
Mass, 
g/CV 

Mon. 
Yield, 

% 

Cycle 
time, 
min 

# 
Fract-
ions  

Av. 
Vol., 
μL 

SD 
Vol., 
μL 

Av. 
Vol., 
μL 

1 A 1   ■ 50 40 20 30.9 61.8 94 36.3 72.6 109 30.9 61.8 61         
A 2* ■ 65 25 20 35.7 55.0 93 35.4 54.5 93 35.6 54.7 51   

 
    

A 3   ■ 40 30 30 26.2 65.4 103 23.1 57.7 94 23.1 57.7 50         
2 A 5’  ■ 35 15 15 22.6 64.7 90 23.1 66.0 92 22.9 65.3 62   

 
    

A 6’  ■ 40 15 15 24.1 60.1 89 24.8 61.9 91 24.4 61.0 72         
A 7’  ■ 50 12 12 30.6 61.2 90 32.3 64.6 93 31.5 62.9 59   

 
    

A 8’  ■ 45 12 12 27.8 61.9 90 29.8 66.1 94 28.8 64.0 56         
3 A 9*  ■ 60 15 15 40.1 66.8 96 44.1 73.4 102 40.1 66.8 53   

 
    

A 10*■ 65 10 15 34.6 53.3 96 34.5 53.1 91 34.6 53.2 72   
 

    
A 11  ■ 50 40 15 33.1 66.2 97 32.5 65.1 93 32.8 65.6 62   

 
    

A 12*■ 60 15 12 39.6 66.0 98 37.1 61.9 88 38.4 63.9 69         
4 A 13  ■ 35 60 15 23.7 67.8 91 24.4 69.6 93 24.0 68.7 73   

 
    

A 14  ■ 45 50 15 30.3 67.4 97 29.9 66.5 92 30.1 66.9 79   
 

    
A 15  ■ 45 60 15 30.5 67.8 97 29.9 66.5 93 30.2 67.1 70   

 
    

A 16*■ 55 25 15 35.4 64.4 93 37.3 67.8 102 36.3 66.1 76         
6 A 22*■ 80 5 15 41.9 52.4 95 39.4 49.2 89 40.7 50.8 103   

 
    

A 23*■ 85 0 15 41.6 49.0 96 41.9 49.3 88 41.8 49.1 106   
 

    
A 24*■    90 5 15 42.8 47.5 94 40.9 45.4 89 41.8 46.5 112         
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Table D-2. Continued (footnotes). 

Abbreviations: Robo-scale (R) in duplicates (D), Äkta-scale (A). Conditions with product breakthrough before elution are marked by (*).  

Averaged output: Average of HPLC Percent and Area values after investigation of deviations. For R data, additional treatment of duplicates: D excluded (-), 
D averaged (o). No scaling factor to account for Robo- or Äkta-scales applied.  

Average mass balances MB and standard deviations: MBR = (83.6 ± 9.6) %, MBA = (94.0 ± 4.5) %. No clear difference in MB between HPLC Percent or Area. 

Colour coding for data deviations: ■ Good agreement between HPLC methods and duplicates (where applicable), ■ Deviation in MB above standard deviation with 
regards to total MB and/or duplicates (where applicable), ■ Deviation investigated further, ■ Unknown loading due to experimental failure. Well volumes were 
measured using the VMS instrument, measurements were restricted to the use of microtitre plates and were thus not available at Äkta scale. 

Deviation details for yellow and red colour codes: 
R1 output 21 % lower than A1 output (before application of scaling factor) with unclear cause. 
R2*-D1 low overall MB and comparatively lower MB to R2*-D2. Odd chromatogram shapes for HPLC Percent and Area of D1. 
R3 steep slopes and fewer fractions in pool appear to increase variability between duplicates. Duplicate values averaged to reduce noise. Discussion in main text. 
R4-D2 with low overall MB and comparatively lower MB to R4-D1. 
R5-D2 with low overall MB and comparatively lower MB to R5-D1. 
R7 MB between duplicates agree despite lower than average MB; average values are calculated. 
R8-D2 chromatogram shows high variability for HPLC Percent and Area, in addition to a low MB for HPLC Percent. 
R13 MB between duplicates agree despite higher than average MB; average values are calculated. 
R14-D1 HPLC Percent has smaller yield. R14-D2 HPLC Area has higher than average mass balance. No single major contribution identified. 
R17 to R20 HPLC Percent data could not be analysed due to an unknown failure. Discussion in main text.          
R21* MB between duplicates agree despite higher than average MB; average values are calculated.  
R21 to R24 HPLC Area data could not be analysed due to evaporation issues during the HPLC analysis. Discussion in main text.          
A1 concentration spikes in HPLC Area chromatogram likely caused higher than average MB. 
A3 (see comment R3). 
A9* concentration spikes in HPLC Area chromatogram likely caused higher than average MB. Discussion in main text. 
A12* concentration spike in HPLC Percent chromatogram potentially generated higher performance values. Lower values may be seen for HPLC Area data given a 

smaller than average MB. Here, data averaging appeared a reasonable treatment option. Chromatograms shown in the main text. 
A16* concentration variability in both HPLC Percent and HPLC Area affect MB and pool cut points. Discussion in the main text.  
A23* differences in MB seem not to impact point performance. Results for HPLC Percent and HPLC Area are close; the values are averaged. 

Scaling factor calculated from experiments 1–3, 13-16, 22-24, dividing averaged Äkta outputs by the respective Robo output. 
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D.3 Definition and fitting of planes in n-dimensions 

The equation of a plane in n-dimensions is given by the following equation: 

c�ª� + c�ª� + ⋯ + c¬D�ª¬D� + c¬ = f0®2, 

where vectors ª¯ (' = 1 … ] − 12 define the required points in the plane and c° 
0m = 1 … ]2 are the coefficient estimates for the objective function value f0®2. The 

coefficients can be estimated in the least-squares sense by solving the system of 

linear equations using the backslash operator in MATLAB. In matrix notation: 

± = ®\f0®2 

This enables point predictions as follows: 

f0®Z}|2 = ± ®Z}| 
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Appendix E Regression Model Summaries 

E.1 Model analysis to Chapter 4 

Table E-1. ANOVA table for the response monomer purity (logit transformed data). 

Source Sum of df Mean F p-value 
 

 
Squares 

 
Square Value Prob > F 

 

Model 8.2912 2 4.1456 25.524 2.1391E-05 significant 

  A~pH 7.3575 1 7.3575 45.300 9.6176E-06 
 

  B~Salt conc. [mM] 3.1087 1 3.1087 19.140 6.3475E-04 
 

Residual 2.2739 14 0.16241 
   

Lack of Fit 2.2702 10 0.22702 248.78 3.8487E-05 significant 

Pure Error 3.6501E-03  4 9.1253E-04  
   

Cor Total 10.565 16 
    

 

Table E-2. ANOVA table for the response monomer yield (logit transformed data). 

Source Sum of df Mean F p-value 
 

 
Squares 

 
Square Value Prob > F 

 

Model 9.6457 5 1.9291 18.321 5.2954E-05 significant 

  A~pH 6.8785 1 6.8785 65.325 5.9253E-06 
 

  B~Salt conc. [mM]  5.0514 1 5.0514 47.973 2.4997E-05 
 

  AB 3.4880 1 3.4880 33.126 1.2734E-04 
 

  A2 3.4828 1 3.4828 33.076 1.2815E-04 
 

  B2 3.4146 1 3.4145 32.428 1.3930E-04 
 

Residual 1.1583 11 0.10527 
   

Lack of Fit 1.1568 7 0.16526 446.74 1.2824E-05 significant 

Pure Error 1.4796E-03 4 3.6991E-04 
   

Cor Total 10.804 16 
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E.2 Model analysis to Chapter 5 

Table E-3. ANOVA for objective function model of monomer mass (≥ 95 % purity). 

Source Sum of df Mean F p-value 
 

 
Squares 

 
Square Value Prob > F 

 

Model 158661 6 26443.5 2721.1 1.629E-38 significant 

  A~ Loading [g/L] 26142 1 26142.0 2690.1 3.757E-30 
 

  B~ Initial Salt [mM] 177.07 1 177.07 18.221 1.921E-04 
 

  C~ Slope [mM/CV] 5375.2 1 5375.2 553.12 1.947E-20 
 

  AC 1535.3 1 1535.3 157.99 2.913E-13 
 

  A2 2795.9 1 2795.9 287.70 1.354E-16 
 

  C2 90.015 1 90.015 9.2628 4.932E-03 
 

Residual 281.82 29 9.7179 
   

Lack of Fit 208.78 27 7.7325 0.2117 9.826E-01 not significant 

Pure Error 73.041 2 36.521  
  

Cor Total 158943 35 
 

 
  

 

Table E-4. ANOVA for objective function model of monomer yield (≥ 95 % purity). 

Source Sum of df Mean F p-value 
 

 
Squares 

 
Square Value Prob > F 

 

Model 2023.0 5 404.60 192.54 7.557E-22 significant 

  A~ Loading [g/L] 728.48 1 728.48 346.67 4.944E-18 
 

  B~ Initial Salt [mM] 34.600 1 34.600 16.466 3.257E-04 
 

  C~ Slope [mM/CV] 1073.1 1 1073.1 510.68 2.158E-20 
 

  A2 36.280 1 36.280 17.265 2.489E-04 
 

  C2 38.419 1 38.419 18.283 1.780E-04 
 

Residual 63.041 30 2.1014 
   

Lack of Fit 50.506 28 1.8038 0.2878 9.551E-01 not significant 

Pure Error 12.535 2 6.2676 
   

Cor Total 2086.0 35 
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Table E-5. ANOVA for objective function model of cycle time (≥ 95 % purity). 

Source Sum of df Mean F p-value 
 

 
Squares 

 
Square Value Prob > F 

 

Model 22327.7 6 3721.3 371.81 9.233E-27 significant 

  A~ Loading [g/L] 3250.4 1 3250.4 324.76 1.218E-17 
 

  B~ Initial Salt [mM] 65.165 1 65.165 6.5109 1.606E-02 
 

  C~ Slope [mM/CV] 17.706 1 17.706 1.7691 1.935E-01 
 

  AC 77.375 1 77.375 7.7309 9.286E-03 
 

  BC 210.39 1 210.39 21.021 7.502E-05 
 

  C2 859.85 1 859.85 85.912 2.601E-10 
 

Residual 300.26 30 10.009 
   

Lack of Fit 296.72 28 10.597 5.9930 1.528E-01 not significant 

Pure Error 3.5365 2 1.7683 
   

Cor Total 22628.0 36 
    

 

Table E-6. ANOVA for BT model. 

Source Sum of df Mean F p-value  
 Squares  Square Value Prob > F  
Model 12 3 4.1 18.1 0.002 significant 

  A~ Loading [g/L] 8 1 8.0 35.0 0.001  
  B~ Initial Salt [mM] 11 1 10.8 47.4 0.000  
  AB 6 1 5.6 24.4 0.003  
Residual 1 6 0.2    
Cor Total 14 9     

Note: No replication to test for lack of fit. Objective function values are square root transformed 
with (BT [%] ± 0.01)0.5. 

 

Table E-7. R2 coefficients for individual models. 

 Purity ≥ 95 % Purity ≥ 90 % Purity ≥ 98 %  

R2 coeff. M 
[mg] 

Y 
[%] 

T 
[min] 

M 
[mg] 

Y 
[%] 

T 
[min] 

M 
[mg] 

Y 
[%] 

T 
[min] 

BT 
[%] 

  
R2 0.998 0.97 0.99 0.999 0.91 0.96 0.94 0.93 0.99 0.90 

Adjusted R2 0.998 0.96 0.98 0.999 0.89 0.95 0.92 0.91 0.99 0.85 

Predicted R2 0.997 0.95 0.96 0.998 0.82 0.92 0.88 0.87 0.99 0.30 

Note: Abbreviations used for monomer mass (M), yield (Y), cycle time (T) and breakthrough (BT). 
Objective function values are square root transformed with (BT [%] ± 0.01)0.5. 
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Table E-8. Model coefficients for individual models. 

 Purity ≥ 95 % Purity ≥ 90 %          Purity ≥ 98 % 

 M 
[mg] 

Y 
[%] 

T 
[min] 

M 
[mg] 

Y 
[%] 

T 
[min] 

M 
[mg] 

Y 
[%] 

T 
[min] 

BT 
[%] 

  
Inter-
cept 

-27.53 78.29 169.7 -14.15 80.55 201.3 -150.5 54.94 184.97 -28.57 

A 5.207 0.012 0.441 5.021 0.163 0.713 8.470 0.191 0.250 0.279 

B 0.043 0.019 -0.368 0.025 0.031 -0.432 0.888 0.399 -0.376 0.147 

C 0.951 -0.183 -5.649 0.023 -0.212 -7.409 8.733 1.255 -7.477 - 

AB - - -  - -0.0005  - -0.008 -0.004 0.017 -0.001 

AC -0.038 - 0.009 -0.011  - 0.018 -0.161  -  - - 

BC - - 0.010  -  - 0.012 -0.031 -0.013 0.010 - 

A2 -0.016 -0.002 - -0.011 -0.002 -0.005 -0.047 -0.006  - - 

B2 - - -  -  -  - -0.146  -  - - 

C2 -0.018 -0.011 0.064  -  - 0.082  - -0.075 0.106 - 

Note: Abbreviations used for monomer mass (M), yield (Y), cycle time (T) and breakthrough (BT). 
Model coefficients A – Loading [g/L], B – Initial Salt [mM], C – Slope [mM/CV]. Objective 
function values are square root transformed with (BT [%] ± 0.01)0.5. 
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Figure E-1. Residual plots for the individual objective function models. – Slope fixed at 
15 mM/CV. Data points shown for slopes between 12 and 18 mM/CV (54 % of the raw data). 
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E.3 Model analysis to Chapter 6 

Table E-9. ANOVA for objective function model of product mass (≥ 95 % purity). 

Source Sum of df Mean F p-value 
 

 
Squares 

 
Square Value Prob > F 

 

Model 1915.2 7 273.61 50.223 1.633E-14 significant 

  A~ Loading [g/L] 0.9272 1 0.9272 0.1702 6.830E-01 
 

  B~ Initial Salt [mM] 13.984 1 13.984 2.5669 1.200E-01 
 

  C~ Slope [mM/CV] 37.668 1 37.668 6.9142 1.354E-02 
 

  AB 16.902 1 16.902 3.1026 8.871E-02  

  AC 22.620 1 22.620 4.1521 5.080E-02 
 

  A2 114.31 1 114.31 20.982 8.124E-05  

  C2 34.743 1 34.743 6.3774 1.728E-02 
 

Residual 157.99 29 5.4479 
   

Lack of Fit 138.49 20 6.9245 3.1962 3.864E-02 significant 

Pure Error 19.498 9 2.1665 
   

Cor Total 2073.2 36 
    

Note: Reduced data comprising micro- and laboratory-scale data used for model building. Micro-
scale data scaled to match laboratory-scale data (factor 1.13).  
 

Table E-10. Model coefficients for product mass in g/L resin. 

Intercept A B C AB AC A2 C2 

-77.09 2.249 0.1857 4.584 -4.238E-03 -3.725E-02 -1.029E-02 -7.526E-02 

Note: Model coefficients A – Loading [g/L], B – Initial Salt [mM], C – Slope [mM/CV].  
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Figure E-2. Polynomial models and raw data residuals. ‒ Filled circles represent RC data at micro-
scale and empty diamonds Äkta data at laboratory-scale. Black data points are determined for slopes 
of 12 and 15 mM/CV; points in grey for slopes > 15 mM/CV. Model surfaces are shown for a 
constant slope of 15 mM/CV.  
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Appendix F Research Implementation & 
Impact 

The Quality-by-Design initiative, as introduced in Section 1.4.1, has encouraged 

the biopharmaceutical industry to build process understanding from the earliest 

phases of process development. A process development strategy that is motivated 

by QbD and includes activities prior to early phase clinical studies offers 

opportunities to gain early process insight and as a result contributes to improved 

operation, control of processes and quality of product. This has the potential to 

positively impact later stages of development, through informed decision making, 

to both reduce project risks and deliver safe and more economical processes. 

Therefore, the appropriate application of QbD fulfils the dual roles of assuring the 

quality of the biopharmaceutical products for patients as well as the quality of the 

manufacturing process. This paradigm shift opened up a field of research focussing 

on the development of tools and optimisation strategies suitable for the challenges 

posed by early stage process development. This unique environment is 

characterised by limited or no a priori process knowledge along with constraints of 

both time and supply of material. This creates a need for tools that enable the rapid 

optimisation of processes and enhance process insight whilst keeping the 

experimental cost low. In this project, research was undertaken full-time in the 

Downstream Process Research group at GSK to investigate the direct application 

of suitable tools to challenging industrially-relevant scenarios. 

The simplex method, introduced in Sections 1.7 and 2.8.3, was explored as an 

experimental optimisation technique, for its flexibility and efficiency in searching 

experimental spaces and the ability to generate process insight focussing on high-

performing regions. As part of this doctorate, tools were developed which 

facilitated the use of the simplex method in the laboratory. This method was 

implemented in two versions. The first version was realised in Excel, assisted by 

VBA, which is straightforward to use, familiar to scientists, and thus can be quickly 

adopted. A second version was programmed in MATLAB with a wider spectrum 
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of applications, including higher dimensional problems and the ability to run in 

silico simulations.  

In three case studies, the simplex was challenged with finding operating sweet spots 

for the polishing of therapeutic antibodies that were difficult to separate from their 

impurities. The simplex was shown to rapidly explore combinations of operating 

conditions, encouraging the widening of the experimental space to improve 

chromatography performance. This not only challenged assumptions about 

standard operating ranges, based on the platform concept (Section 1.4.2), but also 

led to the identification of operating sweet spots close to product breakthrough 

which were not anticipated and arguably counter-intuitive. At BT conditions, 

changes in the system response occur more rapidly which can be described by 

characteristic regions or edges in the experimental space. Although the regions near 

the BT boundary were shown to be high-performing in Chapters 5 and 6, they are 

not normally considered during process optimisation, and would not have been in 

the presented studies if not indicated by the simplex method. With the simplex 

method, BT regions can be approached more closely than would be possible with a 

standard DoE-based regression method as this would require a sequence of designs 

to be set-up along the BT boundary, modelling the area by applying small parameter 

ranges. Such an approach can quickly become infeasible. The presented case studies 

benefitted from the ability of the simplex to flexibly and rapidly explore large 

experimental spaces without the need for excessively constrained assumptions 

around a suitable window of operation. 

Optimisation problems in polishing chromatography have to deal with multiple, 

often conflicting objectives. For example, in polishing chromatography it is 

desirable to develop a process that provides high purity whilst also delivering high 

product yields. This trade-off can be visualised by overlaying response surface 

models for yield and purity. Different objective functions were studied in detail in 

Chapter 5, where response surface models were employed to demonstrate 

alternative trade-off scenarios for product mass, yield and also cycle time. By 

including cycle time, the chromatography process could be studied in terms of 
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productivity which is not typically optimised at the early stage of development in 

the sponsoring company. The analysis of the different scenarios was simplified by 

treating purity as a global constraint, that is, by introducing a lower threshold value 

for purity. The process called dynamic pooling (Section 2.8.2) was facilitated 

through in silico evaluation of all possible fraction combinations to maximise the 

product mass in the obtained pool for a given purity constraint. A program script 

was developed as part of this doctorate which enables the sponsoring company to 

carry out this type of analysis. By changing the way in which chromatography data 

was typically analysed, interesting and unexpected trade-offs at high loading and 

high initial salt conditions, near BT, could be visualised and assessed. The data 

generated using the proposed hybrid optimisation approach further enabled the 

probabilistic analysis of operating windows in support of selecting a high-

performing design space, providing deeper process insight from an early stage of 

development.  

In addition to using an efficient optimisation strategy to arrive at favourable 

operating conditions, experimentation may be accelerated, and resource savings 

may be achieved through the integration of high-throughput technologies. To 

illustrate these advantages, Chapter 6 presents a fully customisable gradient 

chromatography method that was developed as part of this doctorate, which allowed 

the transfer of typical laboratory-scale chromatography methods used by the 

sponsoring company onto a liquid handling station equipped for the operation of 

micro-scale chromatography. The micro-scale method produced comparable 

chromatograms and trends, thus demonstrating its applicability as a scale-down 

model for optimisation studies. The method also integrates analytical plate-based 

assays with increased throughput and self-programmed scripts to facilitate the 

analysis and automated visualisation (chromatograms, scatter plots) of the large 

data volumes created as part of a high-throughput workflow. The degree of 

automation of the chromatography method, subsequent sample analysis and data 

processing helped to bring this workflow closer to routine use within an industrial 

setting. 
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Research conducted during this EngD has directly benefitted the company by 

advancing their automation capability in early stage downstream process 

development and has contributed to the understanding of simplex-based approaches 

for rapid optimisation which challenge assumptions about operating ranges 

applicable to the polishing of antibodies. 



References 209 
 

 

References 

Amaran, S., N. V. Sahinidis, B. Sharda, and S. J. Bury. 2016. 'Simulation 
optimization: a review of algorithms and applications', Annals of Operations 
Research, 240: 351-80. 

Andrade, C., L. Arnold, D. Motabar, M. Aspelund, A. Tang, A. Hunter, and W. K. 
Chung. 2019. 'An Integrated Approach to Aggregate Control for 
Therapeutic Bispecific Antibodies Using an Improved Three Column Mab 
Platform-Like Purification Process', Biotechnology Progress, 35: e2720. 

Arkell, K., H. K. Knutson, S. S. Frederiksen, M. P. Breil, and B. Nilsson. 2018. 
'Pareto-optimal reversed-phase chromatography separation of three insulin 
variants with a solubility constraint', Journal of Chromatography A, 1532: 
98-104. 

Asenjo, J. A., and B. A. Andrews. 2004. 'Is there a rational method to purify 
proteins? From expert systems to proteomics', J Mol Recognit, 17: 236-47. 

Baumann, P., and J. Hubbuch. 2017. 'Downstream process development strategies 
for effective bioprocesses: Trends, progress, and combinatorial approaches', 
Engineering in Life Sciences, 17: 1142-58. 

Bergander, Tryggve, Kristina Nilsson-Välimaa, Katarina Öberg, and Karol M. 
Lacki. 2008. 'High-Throughput Process Development: Determination of 
Dynamic Binding Capacity Using Microtiter Filter Plates Filled with 
Chromatography Resin', Biotechnology Progress, 24: 632-39. 

Bio-Rad Laboratories, Inc. 2013. 'Ceramic Hyrdoxyapatite Application Guide for 
Process Development and Scale-Up'. Bulletin 6086, version C. Retrieved 
from Bio-Rad website: http://www.bio-rad.com/en-uk/literature-library. 

Borg, N., Y. Brodsky, J. Moscariello, S. Vunnum, G. Vedantham, K. Westerberg, 
and B. Nilsson. 2014. 'Modeling and robust pooling design of a preparative 
cation-exchange chromatography step for purification of monoclonal 
antibody monomer from aggregates', Journal of Chromatography A, 1359: 
170-81. 

Box, G. E. P. 1957. 'Evolutionary operation: A method for increasing industrial 
productivity', Applied Statistics, 6: 81-101. 

Box, G. E. P., J. S. Hunter, and W. G. Hunter. 2005. Statistics for Experimenters: 
Design, Innovation, and Discovery (Wiley: New Jersey). 

Brinkmann, U., and R. E. Kontermann. 2017. 'The making of bispecific antibodies', 
MAbs, 9: 182-212. 

Burton, K. W. C., and G. Nickless. 1987. 'Optimisation via simplex: Part I. 
Background, Definitions and a Simple Application', Chemometrics and 
Intelligent Laboratory Systems, 1: 135-49. 



210 References 
 

Carta, G. 1995. 'Linear driving force approximation for intraparticle diffusion and 
convection in permeable supports', Chemical Engineering Science, 50: 887-
89. 

Carta, G. 2012. 'Predicting protein dynamic binding capacity from batch adsorption 
tests', Biotechnology Journal, 7: 1216-20. 

Carta, G., and A. Jungbauer. 2010. Protein Chromatography: Process Development 
and Scale-Up (Wiley-VCH Verlag GmbH & Co. KGaA). 

Carter, P. J., and G. A. Lazar. 2017. 'Next generation antibody drugs: pursuit of the 
high-hanging fruit, Nature Reviews Drug Discovery, 17: 197-223. 

Catai, J. R., and E. Carrilho. 2003. 'Simlex optimization of electrokinetic injection 
of DNA in capillary electrophoresis using dilute polymer solution', 
Electrophoresis, 24: 648-54. 

Cevc, G. 2014. '‘Project Launch’: From research finding to therapeutic product', 
European Journal of Pharmaceutical Sciences, 51: 123-36. 

Challener, C. 2014. 'Monoclonal antibodies key to unlocking the biosimilars 
market', BioPharm International, 27: 20-23. 

Chhatre, S., D. G. Bracewell, and N. J. Titchener-Hooker. 2009. 'A microscale 
approach for predicting the performance of chromatography columns used 
to recover therapeutic polyclonal antibodies', J Chromatogr A, 1216: 7806-
15. 

Chhatre, S., S. S. Farid, J. Coffman, P. Bird, A. R. Newcombe, and N. J. Titchener-
Hooker. 2011. 'How implementation of quality by design and advances in 
biochemical engineering are enabling efficient bioprocess development and 
manufacture', Journal of Chemical Technology and Biotechnology, 86: 
1125-29. 

Chhatre, S., S. Konstantinidis, Y. Ji, S. Edwards-Parton, Y. Zhou, and N. J. 
Titchener-Hooker. 2011. 'The simplex algorithm for the rapid identification 
of operating conditions during early bioprocess development: Case studies 
in FAb' precipitation and multimodal chromatography', Biotechnology and 
Bioengineering, 108: 2162-70. 

Chhatre, S., and N. J. Titchener-Hooker. 2009. 'Review: Microscale methods for 
high-throughput chromatography development in the pharmaceutical 
industry', Journal of Chemical Technology & Biotechnology, 84: 927-40. 

Close, E. J., J. R. Salm, D. G. Bracewell, and E. Sorensen. 2014. 'Modelling of 
industrial biopharmaceutical multicomponent chromatography', Chemical 
Engineering Research and Design, 92: 1304-14. 

Coffman, J. L., J. F. Kramarczyk, and B. D. Kelley. 2008. 'High-throughput 
screening of chromatographic separations: I. Method development and 
column modeling', Biotechnology and Bioengineering, 100: 605-18. 



References 211 
 

 

Cottingham, M. G., C. D. Bain, and D. J. T. Vaux. 2004. 'Rapid method for 
measurement of surface tension in multiwell plates', Laboratory 
Investigation, 84: 523-29. 

de Aguiar, P. F., B. Bourguignon, M. S. Khots, D. L. Massart, and R. Phan-Than-
Luu. 1995. 'D-optimal designs', Chemometrics and Intelligent Laboratory 
Systems, 30: 199-210. 

Deming, S. N. 1985. 'OPTIMIZATION', Journal of Research of the National 
Bureau of Standards (United States), 90. 

Dennison, C. 1988. 'A simple and universal method for making up buffer solutions', 
Biochemical Education, 16: 210-11. 

Diederich, P. 2015. 'High-Throughput Process Development in the Field of Protein 
Purification' (Doctoral Thesis). KIT, Karlsruhe, Germany. 

Elgundi, Z., M. Reslan, E. Cruz, V. Sifniotis, and V. Kayser. 2017. 'The state-of-
play and future of antibody therapeutics', Advanced Drug Delivery Reviews, 
122: 2-19. 

Fahrner, R. L., H. L. Knudsen, C. D. Basey, W. Galan, D. Feuerhelm, M. 
Vanderlaan, and G. S. Blank. 2001. 'Industrial purification of 
pharmaceutical antibodies: Development, operation, and validation of 
chromatography processes', Biotechnology and Genetic Engineering 
Reviews, 18: 301-27. 

Farid, S. S., J. Washbrook, and N. J. Titchener-Hooker. 2005. 'Decision-Support 
Tool for Assessing Biomanufacturing Strategies under Uncertainty: 
Stainless Steel versus Disposable Equipment for Clinical Trial Material 
Preparation', Biotechnology Progress, 21: 486-97. 

Feliciano, J., A. Berrill, M. Ahnfelt, E. Brekkan, B. Evans, Z. Fung, R. Godavarti, 
K. Nilsson-Välimaa, J. Salm, U. Saplakoglu, M. Switzer, and K. Łacki. 
2016. 'Evaluating high-throughput scale-down chromatography platforms 
for increased process understanding', Engineering in Life Sciences, 16: 169-
78. 

Felinger, A., and G. Guiochon. 1998. 'Comparing the optimum performance of the 
different modes of preparative liquid chromatography', Journal of 
Chromatography A, 796: 59-74. 

Field, N., S. Konstantinidis, and A. Velayudhan. 2017. 'High-throughput 
investigation of single and binary protein adsorption isotherms in anion 
exchange chromatography employing multivariate analysis', Journal of 
Chromatography A, 1510: 13-24. 

Fischer, V., R. Kucia-Tran, W. J. Lewis, and A. Velayudhan. 2019. 'Hybrid 
optimization of preparative chromatography for a ternary monoclonal 
antibody mixture', Biotechnology Progress, 35: e2849. 

 



212 References 
 

Fornstedt, T., P. Forssén, and D.  Westerlund. 2015. 'Basic HPLC Theory and 
Definitions: Retention, Thermodynamics, Selectivity, Zone Spreading, 
Kinetics, and Resolution.' in A. Berthod,  J. L. Anderson, V. P. Estévez, A. 
M. Stalcup (ed.), Analytical Separation Science (Wiley-VCH Verlag GmbH 
& Co. KGaA: Weinheim, Germany). 

Freier, L., and E. von Lieres. 2017. 'Multi-objective global optimization (MOGO): 
Algorithm and case study in gradient elution chromatography', 
Biotechnology Journal, 12. 

Gagnon, P. 2012. 'Technology trends in antibody purification', Journal of 
Chromatography A, 1221: 57-70. 

Gaughan, C. L. 2016. 'The present state of the art in expression, production and 
characterization of monoclonal antibodies', Molecular Diversity, 20: 255-
70. 

GE Healthcare Bio-Sciences AB. 2006. 'Hydrophobic Interaction and Reversed 
Phase Chromatography - Principles and Methods'. GE Handbook 11-0012-
69AA. Retrieved from GE Lifesciences website: www.gelifesciences.com/ 
handbooks. 

GE Healthcare Bio-Sciences AB. 2014. 'Ion exchange columns and media'. 
Selection guide 18-1127-31AK. Retrieved from GE Lifesciences website: 
www.gelifesciences.com/en/us/solutions/protein-research/knowledge-
center/protein-purification-methods/ion-exchange-chromatography. 

GE Healthcare Bio-Sciences AB. 2015. 'Capto adhere'. Application guide 28-9078- 
88AD. Retrieved from GE Lifesciences website: 
www.gelifesciences.com/bioprocess 

GE Healthcare Bio-Sciences AB. 2016. 'Ion Exchange Chromatography - 
Principles and Methods'. GE Handbook 11-0004-21AC. Retrieved from GE 
Lifesciences website:   www.gelifesciences.com/handbooks. 

Gottschalk, U., K.Brorson, and A. A. Shukla. 2012. 'The need for innovation in 
biomanufacturing', Nat Biotech, 30: 489-92. 

Goyon, A., M. Excoffier, M.-C. Janin-Bussat, B. Bobaly, S.Fekete, D.Guillarme, 
and A. Beck. 2017. 'Determination of isoelectric points and relative charge 
variants of 23 therapeutic monoclonal antibodies', Journal of 
Chromatography B, 1065-1066: 119-28. 

Grönberg, A. 2015. 'Optimizing Cation-exchange chromatography with high-
throughput process development for mAb purification: Optimization of 
each phase in a chromatographic cycle has a positive impact on 
productivity', BioPharm International, 28: 44-47. 

Gu, H., and Y. Deng. 2007. 'Dilution Effect in Multichannel Liquid-Handling 
System Equipped with Fixed Tips: Problems and Solutions for 
Bioanalytical Sample Preparation', JALA: Journal of the Association for 
Laboratory Automation, 12: 355-62. 



References 213 
 

 

Guiochon, G. 2002. 'Preparative liquid chromatography', Journal of 
Chromatography A, 965: 129-61. 

Guiochon, G., and L. A. Beaver. 2011. 'Separation science is the key to successful 
biopharmaceuticals', Journal of Chromatography A, 1218: 8836-58. 

Hagel, L., G. Jagschies, and G. Sofer. 2008. Handbook of Process Chromatography 
(Second Edition) - Development, Manufacturing, Validation and Economics 
(Academic Press: Amsterdam). 

Hay, M., D. W. Thomas, J. L. Craighead, C. Economides, and J. Rosenthal. 2014. 
'Clinical development success rates for investigational drugs', Nature 
Biotechnology, 32: 40-51. 

Hibbert, D. B. 2012. 'Experimental design in chromatography: A tutorial review', 
Journal of Chromatography B: Analytical Technologies in the Biomedical 
and Life Sciences, 910: 2-13. 

Huuk, T. C., T. Hahn, A. Osberghaus, and J. Hubbuch. 2014. 'Model-based 
integrated optimization and evaluation of a multi-step ion exchange 
chromatography', Separation and Purification Technology, 136: 207-22. 

Insaidoo, F. K., M. A. Rauscher, S. J. Smithline, N. C. Kaarsholm, B. P. Feuston, 
A. D. Ortigosa, T. O. Linden, and D. J. Roush. 2015. 'Targeted purification 
development enabled by computational biophysical modeling', 
Biotechnology Progress, 31: 154-64. 

Jagschies, G. 2013. 'Bright Future Outlook and Huge Challenges to Overcome: An 
Attempt to Write the Short Story of the Biopharma Industry with Current 
Status, Selected Issues, and Potential Solutions in Discovery, R&D, and 
Manufacturing.' in J. Knäblein (ed.), Modern Biopharmaceuticals (Wiley-
VCH Verlag GmbH & Co. KGaA: Weinheim, Germany). 

Jagschies, Günter. 2018. 'Selected Biotherapeutics Overview.' in G. Jagschies, E. 
Lindskog, K. Łącki and P. Galliher (eds.), Biopharmaceutical Processing 
(Elsevier). 

Jiang, C., L. Flansburg, S. Ghose, P. Jorjorian, and A. A. Shukla. 2010. 'Defining 
process design space for a hydrophobic interaction chromatography (HIC) 
purification step: application of quality by design (QbD) principles', 
Biotechnol Bioeng, 107: 985-97. 

Kaplon, H., and J. M. Reichert. 2019. 'Antibodies to watch in 2019', MAbs, 11: 219-
38. 

Kateja, N., D. Kumar, A. Godara, V. Kumar, and A. S. Rathore. 2017. 'Integrated 
Chromatographic Platform for Simultaneous Separation of Charge Variants 
and Aggregates from Monoclonal Antibody Therapeutic Products', 
Biotechnology Journal, 12. 

 
 



214 References 
 

Keller, W. R., S. T. Evans, G. Ferreira, D. Robbins, and S. M. Cramer. 2017. 
'Understanding operational system differences for transfer of miniaturized 
chromatography column data using simulations', Journal of 
Chromatography A, 1515: 154-63. 

Keller, W. R., S. T. Evans, G. Ferreira, D. Robbins, and S. M. Cramer. 2015. 'Use 
of MiniColumns for linear isotherm parameter estimation and prediction of 
benchtop column performance', Journal of Chromatography A, 1418: 94-
102. 

Kelley, B., G. Blank, and A. Lee. 2008. 'Downstream processing of monoclonal 
antibodies: Current practices and future opportunities.' in U. Gottschalk 
(ed.), Process scale purification of antibodies (John Wiley and Sons: New 
Jersey, US). 

Kelley, B. D., M. Switzer, P. Bastek, J. F. Kramarczyk, K. Molnar, T. Yu, and J. 
Coffman. 2008. 'High-throughput screening of chromatographic 
separations: IV. Ion-exchange', Biotechnology and Bioengineering, 100: 
950-63. 

Kelley, B. D., S. A. Tobler, P. Brown, J. L. Coffman, R. Godavarti, T. Iskra, M. 
Switzer, and S. Vunnum. 2008. 'Weak partitioning chromatography for 
anion exchange purification of monoclonal antibodies', Biotechnology and 
Bioengineering, 101: 553-66. 

Khalaf, R., J. Heymann, X. LeSaout, F. Monard, M. Costioli, and M. Morbidelli. 
2016. 'Model-based high-throughput design of ion exchange protein 
chromatography', Journal of Chromatography A, 1459: 67-77. 

Kiesewetter, A., P. Menstell, L. H. Peeck, and A. Stein. 2016. 'Development of 
pseudo-linear gradient elution for high-throughput resin selectivity 
screening in RoboColumn® Format', Biotechnology Progress, 32: 1503-19. 

Kimerer, L. K., T.M. Pabst, A. K. Hunter, and G. Carta. 2019. 'Chromatographic 
behavior of bivalent bispecific antibodies on cation exchange columns. II. 
Biomolecular perspectives', Journal of Chromatography A. 

Koehler, G., and C. Milstein. 1975. 'Continuous cultures of fused cells secreting 
antibody of predefined specificity', Nature, 256: 495-97. 

Konstantinidis, S., S. Chhatre, A. Velayudhan, E. Heldin, and N. Titchener-Hooker. 
2012. 'The hybrid experimental simplex algorithm – An alternative method 
for ‘sweet spot’ identification in early bioprocess development: Case studies 
in ion exchange chromatography', Analytica Chimica Acta, 743: 19-32. 

Konstantinidis, S., N. Titchener-Hooker, and A. Velayudhan. 2017. 'Simplex-based 
optimization of numerical and categorical inputs in early bioprocess 
development: Case studies in HT chromatography', Biotechnology Journal, 
12. 

 



References 215 
 

 

Konstantinidis, S., J. P. Welsh, D. J. Roush, and A. Velayudhan. 2016. 'Application 
of simplex-based experimental optimization to challenging bioprocess 
development problems: Case studies in downstream processing', 
Biotechnology Progress, 32: 404-19. 

Konstantinidis, S., J. P. Welsh, N. J. Titchener-Hooker, D. J. Roush, and A. 
Velayudhan. 2018. 'Data-driven multi-objective optimization via grid 
compatible simplex technique and desirability approach for challenging 
high throughput chromatography applications', Biotechnology Progress, 34: 
1393-406. 

Kramarczyk, J. F., B. D. Kelley, and J. L. Coffman. 2008. 'High-throughput 
screening of chromatographic separations: II. Hydrophobic interaction', 
Biotechnology and Bioengineering, 100: 707-20. 

Kumar, V., A. Bhalla, and A. S. Rathore. 2014. 'Design of experiments applications 
in bioprocessing: Concepts and approach', Biotechnology Progress, 30: 86-
99. 

Kumar, V., and A. S. Rathore. 2014. 'Two-stage chromatographic separation of 
aggregates for monoclonal antibody therapeutics', Journal of 
Chromatography A, 1368: 155-62. 

Łącki, K. M. 2014. 'High throughput process development in biomanufacturing', 
Current Opinion in Chemical Engineering, 6: 25-32. 

Łącki, K. M. 2012. 'High-throughput process development of chromatography 
steps: Advantages and limitations of different formats used', Biotechnology 
Journal, 7: 1192-202. 

Łącki, K. M., J. Joseph, and K. O. Eriksson. 2018. 'Downstream Process Design, 
Scale-Up Principles, and Process Modeling.' in G. Jagschies, E. Lindskog, 
K. M. Łącki and P. Galliher (eds.), Biopharmaceutical Processing 
(Elsevier). 

Lagarias, J. C., J. A. Reeds, M. H. Wright, and P. E. Wright. 1998. 'Convergence 
properties of the Nelder-Mead simplex method in low dimensions', SIAM 
Journal on Optimization, 9: 112-47. 

Langer, L. J. 2014. 'Characteristics of Successful Biotechnology Leaders.' in, 
Biotechnology Entrepreneurship: Starting, Managing, and Leading Biotech 
Companies (Elsevier Inc.). 

Lawitts, J. A., and J. D. Biggers. 1991. 'Optimization of mouse embryo culture 
media using simplex methods', J Reprod Fertil, 91: 543-56. 

Leader, B., Q. J. Baca, and D. E. Golan. 2008. 'Protein therapeutics: a summary and 
pharmacological classification', Nature Reviews Drug Discovery, 7: 21. 

Leser, E. W., and J. A. Asenjo. 1992. 'Rational design of purification processes for 
recombinant proteins', J Chromatogr, 584: 43-57. 



216 References 
 

Leser, E. W., M. E. Lienqueo, and J. A. Asenjo. 1996. 'Implementation in an Expert 
System of a Selection Rationale for Purification Processes for Recombinant 
Proteinsa', Annals of the New York Academy of Sciences, 782: 441-55. 

Li, Y. , M.   Zhu, H.  Luo, and J. R. Weaver. 2017. 'Development of a Platfrom 
Process for the Purification of Therapeutic Monocolonal Antibodies.' in U. 
Gottschalk (ed.), Process Scale Purification of Antibodies (John Wiley & 
Sons, Inc: Hoboken, NJ). 

Lienqueo, M. E., E. W. Leser, and J. A. Asenjo. 1996. 'An Expert System for the 
selection and synthesis of multistep protein separation processes', 
Computers & Chemical Engineering, 20, Supplement 1: S189-S94. 

Lienqueo, M. E., and J. A. Asenjo. 2000. 'Use of expert systems for the synthesis 
of downstream protein processes', Computers & Chemical Engineering, 24: 
2339-50. 

Lienqueo, M. E., J. C. Salgado, and J. A. Asenjo. 1999. 'An expert system for 
selection of protein purification processes: experimental validation', Journal 
of Chemical Technology & Biotechnology, 74: 293-99. 

Liu, H. F., J. Ma, C. Winter, and R. Bayer. 2010. 'Recovery and purification process 
development for monoclonal antibody production', MAbs, 2: 480-99. 

Luan, P., S. Lee, T. A. Arena, M. Paluch, J. Kansopon, S. Viajar, Z. Begum, N. 
Chiang, G. Nakamura, P. E. Hass, A. W. Wong, G. A. Lazar, and A. Gill. 
2018. 'Automated high throughput microscale antibody purification 
workflows for accelerating antibody discovery', MAbs, 10: 624-35. 

Lundstedt, T., E. Seifert, L. Abramo, B. Thelin, Å. Nyström, J. Pettersen, and R. 
Bergman. 1998. 'Experimental design and optimization', Chemometrics and 
Intelligent Laboratory Systems, 42: 3-40. 

Marichal-Gallardo, P. A., and M. M. Alvarez. 2012. 'State-of-the-art in downstream 
processing of monoclonal antibodies: process trends in design and 
validation', Biotechnol Prog, 28: 899-916. 

McCue, J. T., D. Cecchini, C. Chu, W. H. Liu, and A. Spann. 2007. 'Application of 
a two-dimensional model for predicting the pressure-flow and compression 
properties during column packing scale-up', Journal of Chromatography A, 
1145: 89-101. 

McGown, E. L., and D. G. Hafeman. 1998. 'Multichannel pipettor performance 
verified by measuring pathlength of reagent dispensed into a microplate', 
Analytical Biochemistry, 258: 155-57. 

McKenzie, P., S. Kiang, J. Tom, A. E. Rubin, and M. Futran. 2006. 'Can 
pharmaceutical process development become high tech?', AIChE Journal, 
52: 3990-94. 

Micheletti, M., and G. J. Lye. 2006. 'Microscale bioprocess optimisation', Curr 
Opin Biotechnol, 17: 611-8. 



References 217 
 

 

Montgomery, D. C. 2006. Design and Analysis of Experiments (John Wiley & Sons: 
New York). 

Morgan, E., K. W. Burton, and G.Nickless. 1990. 'Optimization using the modified 
simplex method', Chemometrics and Intelligent Laboratory Systems, 7: 209-
22. 

Nelder, J. A., and R. Mead. 1965. 'A Simplex Method for Function Minimization', 
The Computer Journal, 7: 308-13. 

Nfor, B. K., D. S. Zuluaga, P. J. T. Verheijen, P. D. E. M. Verhaert, L. A. M. Van 
der Wielen, and A. M. Ottens. 2011. 'Model-based rational strategy for 
chromatographic resin selection', Biotechnology Progress, 27: 1629-43. 

Nfor, B. K., P. D. E. M. Verhaert, L.A. M. van der Wielen, J. Hubbuch, and 
M.Ottens. 2009. 'Rational and systematic protein purification process 
development: the next generation', Trends in Biotechnology, 27: 673-79. 

O'Brien, E. P., B. R. Brooks, and D. Thirumalai. 2012. 'Effects of pH on proteins: 
predictions for ensemble and single-molecule pulling experiments', Journal 
of the American Chemical Society, 134: 979-87. 

Oelmeier, S. A., C. Ladd Effio, and J. Hubbuch. 2012. 'High throughput screening 
based selection of phases for aqueous two-phase system-centrifugal 
partitioning chromatography of monoclonal antibodies', Journal of 
Chromatography A, 1252: 104-14. 

Osberghaus, A., P. Baumann, S. Hepbildikler, S. Nath, M. Haindl, E. von Lieres, 
and J. Hubbuch. 2012. 'Detection, Quantification, and Propagation of 
Uncertainty in High-Throughput Experimentation by Monte Carlo 
Methods', Chemical Engineering & Technology, 35: 1456-64. 

Osberghaus, A., K. Drechsel, S. Hansen, S. K. Hepbildikler, S. Nath, M. Haindl, E. 
von Lieres, and J. Hubbuch. 2012. 'Model-integrated process development 
demonstrated on the optimization of a robotic cation exchange step', 
Chemical Engineering Science, 76: 129-39. 

Pace, C. N., F. Vajdos, L. Fee, G. Grimsley, and T. Gray. 1995. 'How to measure 
and predict the molar absorption coefficient of a protein', Protein Science, 
4: 2411-23. 

Pardoux, É. 2010. 'Simulations and the Monte Carlo method.' in, Markov processes 
and applications: algorithms, networks, genome and finance (John Wiley 
& Sons, Ltd: Chichester, UK). 

Petroff, M. G., H. Bao, J. P. Welsh, M. van Beuningen, J. M. Pollard, D. J. Roush, 
S. Kandula, P. Machielsen, N. Tugcu, and T. Linden. 2016. 'High 
throughput chromatography strategies for potential use in the formal process 
characterization of a monoclonal antibody', Biotechnol Bioeng., 9999: 1-11. 

 
 



218 References 
 

Pirrung, S. M., D. Parruca da Cruz, A. T. Hanke, C. Berends, R. F.W.C. Van 
Beckhoven, M. H.M. Eppink, and M. Ottens. 2018. 'Chromatographic 
parameter determination for complex biological feedstocks', Biotechnology 
Progress, 34: 1006-18. 

Pollard, J., P. McDonald, and A. Hesslein. 2016. 'Lessons learned in building high-
throughput process development capabilities', Engineering in Life Sciences, 
16: 93-98. 

Rantanen, J., and J. Khinast. 2015. 'The Future of Pharmaceutical Manufacturing 
Sciences', Journal of Pharmaceutical Sciences, 104: 3612-38. 

Rathore, A. S. 2016. 'Quality by Design (QbD)-Based Process Development for 
Purification of a Biotherapeutic', Trends in Biotechnology, 34: 358-70. 

Rathore, A. S., and A. Velayudhan. 2002. Scale-up and optimization in preperative 
chromatography : principles and biopharmaceutical applications (Boca 
Raton: CRC Press). 

Read, E.K., R.B. Shah, B.S. Riley, J.T. Park, K.A. Brorson, and A.S. Rathore. 2010. 
'Process analytical technology (PAT) for biopharmaceutical products: Part 
II. Concepts and applications', Biotechnology and Bioengineering, 105: 
285-95. 

Rodrigues, M. I., R. Maciel-Filho, J. A. Asenjo, C. A. Zaror, and F. Maugeri. 1997. 
'A Procedure for Feasible and Optimal Operational Strategies for Control of 
CARE Systems', Journal of Chemical Technology & Biotechnology, 69: 
254-60. 

Rutten, K., J. De Baerdemaeker, and B. De Ketelaere. 2014. 'A comparison of 
Evolutionary Operation and Simplex for process improvement', 
Chemometrics and Intelligent Laboratory Systems, 139: 109-20. 

Schwefel, H.-P. 1995. Evolution and Optimum Seeking: The Sixth Generation 
(Wiley-Interscience: New York). 

Selber, K., F. Nellen, B. Steffen, J. Thömmes, and M. R. Kula. 2000. 'Investigation 
of mathematical methods for efficient optimisation of aqueous two-phase 
extraction', Journal of Chromatography B: Biomedical Sciences and 
Applications, 743: 21-30. 

Shan, Y., and A. Seidel-Morgenstern. 2004. 'Analysis of the isolation of a target 
component using multicomponent isocratic preparative elution 
chromatography', Journal of Chromatography A, 1041: 53-62. 

Shukla, A. A., B. Hubbard, T. Tressel, S. Guhan, and D. Low. 2007. 'Downstream 
processing of monoclonal antibodies-Application of platform approaches', 
Journal of Chromatography B: Analytical Technologies in the Biomedical 
and Life Sciences, 848: 28-39. 

Shukla, A. A., and J. Thömmes. 2010. 'Recent advances in large-scale production 
of monoclonal antibodies and related proteins', Trends in Biotechnology, 28: 
253-61. 



References 219 
 

 

Singh, N., and S. Herzer. 2018. 'Downstream Processing Technologies/Capturing 
and Final Purification.' in B. Kiss, U. Gottschalk and M. Pohlscheidt (eds.), 
New Bioprocessing Strategies: Development and Manufacturing of 
Recombinant Antibodies and Proteins (Springer International Publishing: 
Cham, Switzerland). 

Spendley, W., G. R. Hext, and F. R. Himsworth. 1962. 'Sequential Application of 
Simplex Designs in Optimisation and Evolutionary Operation', 
Technometrics, 4: 441-61. 

Sreedhar, B., A. Wagler, M. Kaspereit, and A. Seidel-Morgenstern. 2013. 'Optimal 
cut-times finding strategies for collecting a target component from 
overloaded elution chromatograms', Computers and Chemical Engineering, 
49: 158-69. 

Steinhauser, M. O. 2013. 'Introduction to MC Simulation.' in, Computer simulation 
in physics and engineering (De Gruyter: Boston, US). 

Strohl, William R. 2018. 'Current progress in innovative engineered antibodies', 
Protein & Cell, 9: 86-120. 

Susanto, A., K. Treier, E. Knieps-Grünhagen, E. von Lieres, and J. Hubbuch. 2009. 
'High Throughput Screening for the Design and Optimization of 
Chromatographic Processes: Automated Optimization of Chromatographic 
Phase Systems', Chemical Engineering & Technology, 32: 140-54. 

Teeters, M., D. Bezila, P. Alred, and A. Velayudhan. 2008. 'Development and 
application of an automated, low-volume chromatography system for resin 
and condition screening', Biotechnol J, 3: 1212-23. 

Thömmes, J., and M. Etzel. 2007. 'Alternatives to chromatographic separations', 
Biotechnology Progress, 23: 42-45. 

Tinoi, J., N. Rakariyatham, and R. L. Deming. 2005. 'Simplex optimization of 
carotenoid production by Rhodotorula glutinis using hydrolyzed mung bean 
waste flour as substrate', Process Biochemistry, 40: 2551-57. 

Tosoh Bioscience LLC. 2012. 'Toyopearl MX-Trp-650M'. Product overview PO32. 
Retrieved from Tosoh Bioscience website: www.separations.us. 
tosohbioscience.com/literature/advanced-literature-search. 

Traylor, S. J., X. Xu, Y. Li, M. Jin, and Z. J. Li. 2014. 'Adaptation of the pore 
diffusion model to describe multi-addition batch uptake high-throughput 
screening experiments', Journal of Chromatography A, 1368: 100-06. 

Treier, K., S. Hansen, C. Richter, P. Diederich, J. Hubbuch, and P. Lester. 2012. 
'High-throughput methods for miniaturization and automation of 
monoclonal antibody purification processes', Biotechnology Progress, 28: 
723-32. 

Udpa, N., and R. P. Million. 2015. 'Monoclonal antibody biosimilars', Nature 
Reviews Drug Discovery, 15: 13. 



220 References 
 

Ulmer, N., S. Vogg, T.s Müller-Späth, and M. Morbidelli. 2019. 'Purification of 
Human Monoclonal Antibodies and Their Fragments.' in Michael Steinitz 
(ed.), Human Monoclonal Antibodies: Methods and Protocols (Springer 
New York: New York, NY). 

van Dijk, M. A., and J. G. J. van de Winkel. 2001. 'Human antibodies as next 
generation therapeutics', Current Opinion in Chemical Biology, 5: 368-74. 

Velayudhan, A. 2014. 'Overview of integrated models for bioprocess engineering', 
Current Opinion in Chemical Engineering, 6: 83-89. 

Vetter, T. A., G. Ferreira, D. Robbins, and G. Carta. 2014. 'Predicting Retention 
and Resolution of Protein Charge Variants in Mixed-Beds of Strong and 
Weak Anion Exchange Resins with Step-Induced pH Gradients', Separation 
Science and Technology (Philadelphia), 49: 1775-86. 

Viader-Salvadó, J. M., M. Castillo-Galván, J. A. Fuentes-Garibay, M. M. Iracheta-
Cárdenas, and M.Guerrero-Olazarán. 2013. 'Optimization of five 
environmental factors to increase beta-propeller phytase production in 
Pichia pastoris and impact on the physiological response of the host', 
Biotechnology Progress, 29: 1377-85. 

Walsh, G. 2018. 'Biopharmaceutical benchmarks 2018', Nature Biotechnology, 36: 
1136. 

Walters, F.H. , L.R.  Parker Jr., S.L.  Morgan, and S.N. Deming. 1991. Sequential 
simplex optimisation: a technique for improving quality and productivity in 
research, development, and manufacturing (CRC Press: Florida, US). 

Welsh, J. P., M. G. Petroff, P. Rowicki, H. Bao, T. Linden, D. J. Roush, and J. M. 
Pollard. 2014. 'A practical strategy for using miniature chromatography 
columns in a standardized high-throughput workflow for purification 
development of monoclonal antibodies', Biotechnology Progress, 30: 626-
35. 

Welsh, J. P., M. A. Rauscher, H. Bao, S. Meissner, I. Han, T. O. Linden, and J. M. 
Pollard. 2016. 'Domain antibody downstream process optimization: High-
throughput strategy and analytical methods', Engineering in Life Sciences, 
16: 133-42. 

Wensel, D. L., B. D. Kelley, and J. L. Coffman. 2008. 'High-throughput screening 
of chromatographic separations: III. monoclonal antibodies on ceramic 
hydroxyapatite', Biotechnology and Bioengineering, 100: 839-54. 

Westerberg, K., M. Degerman, and B. Nilsson. 2010. 'Pooling control in variable 
preparative chromatography processes', Bioprocess and biosystems 
engineering, 33: 375-82. 

 
 
 



References 221 
 

 

Wiendahl, M., P. S. Wierling, J. Nielsen, D. Fomsgaard, C. J. Krarup, A. Staby, and 
J. Hubbuch. 2008. 'High throughput screening for the design and 
optimization of chromatographic processes - Miniaturization, automation 
and parallelization of breakthrough and elution studies', Chemical 
Engineering and Technology, 31: 893-903. 

Wu, T., and Y. Zhou. 2013. 'An Intelligent Automation Platform for Rapid 
Bioprocess Design', J Lab Autom, 19: 381-93. 

Xu, Y., D. Wang, B. Mason, T. Rossomando, N. Li, D. Liu, J. K. Cheung, W. Xu, 
S. Raghava, A. Katiyar, C. Nowak, T. Xiang, D. D. Dong, J. Sun, A. Beck, 
and H. Liu. 2019. 'Structure, heterogeneity and developability assessment 
of therapeutic antibodies', MAbs, 11: 239-64. 

Xu, Z., J. Li, and J. X. Zhou. 2012. 'Process development for robust removal of 
aggregates using cation exchange chromatography in monoclonal antibody 
purification with implementation of quality by design', Preparative 
Biochemistry and Biotechnology, 42: 183-202. 

Yamamoto, S. 1995. 'Plate height determination for gradient elution 
chromatography of proteins', Biotechnology and Bioengineering, 48: 444-
51. 

Yamamoto, S., and T. Ishihara. 2000. 'Resolution and retention of proteins near 
isoelectric points in ion-exchange chromatography. Molecular recognition 
in electrostatic interaction chromatography', Separation Science and 
Technology, 35: 1707-17. 

Zhao, M., M. Vandersluis, J. Stout, U. Haupts, M. Sanders, and R. Jacquemart. 
2019. 'Affinity chromatography for vaccines manufacturing: Finally ready 
for prime time?', Vaccine, 37: 5491-503. 

Zurdo, J., A. Arnell, O. Obrezanova, N. Smith, R. Gómez De La Cuesta, T. R. A. 
Gallagher, R. Michael, Y. Stallwood, C. Ekblad, L. Abrahmsén, and I. 
Höidén-Guthenberg. 2015. 'Early implementation of QbD in 
biopharmaceutical development: A practical example', BioMed Research 
International, 2015. 

Zurdo, J. 2013. 'Developability assessment as an early de-risking tool for 
biopharmaceutical development', Pharmaceutical Bioprocessing, 1: 29-50. 

 


