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ABSTRACT

Over the past several years, protein-based therapeutics have revolutionized the pharmaceu-

tical industry, with applications for treatment of a range of diseases from autoimmune to

cancer. This rise has been accompanied by a transition in the manufacturing industry, em-

phasizing the need for more e�cient puri�cation methods. A new mode of chromatography,

Multimodal (MM) chromatography, has been shown to achieve unique selectivities for dif-

�cult separations. Multimodal chromatography employs ligands with adjacent moieties of

di�erent classes to present a range of possible interactions for proteins. These ligands of-

ten consist of charged and hydrophobic moieties that allow for a synergistic combination of

electrostatic, hydrogen bonding, and hydrophobic interactions with a protein. With opti-

mally designed geometries and ligand densities, these ligands are able to address challenging

puri�cation problems that were cumbersome using traditional single-mode chromatography.

While multimodal chromatography is being adopted into the industry, the molecular ori-

gins of the associated selectivity in di�erent proteins systems are still not well understood.

Consequently, prediction of chromatographic behavior in these systems is di�cult, impeding

rapid induction of these materials into puri�cation platforms.

This thesis addresses these challenges by investigating the molecular interactions under-

lying multimodal phenomena using molecular dynamics simulations. First, we have investi-

gated the behavior of a series of commercially relevant multimodal ligands when immobilized

on a surface. Moiety distribution maps, cluster size distributions and patch area distribu-

tions have been used to characterize ligand-ligand self-association. These calculations have

also been performed at a higher salt concentration, to mimic an elution condition, and lig-

and clustering has been found to be una�ected even in the presence of these large number

of counterions. This insensitivity to high-salt conditions has allowed us to quantify surface

characteristics into novel molecular descriptors for MM-ligand surfaces.

We have then focused on the hydration preferences for these MM-ligand surfaces. Bi-

ased simulation methods have been utilized to obtain dehydration free energies and to probe

the drying behavior of ligand solvation shells for MM-ligands on low ligand density and high

ligand density SAMs. Our results indicate that the hydrophobic nature of self-associating

ligands is indeed context dependent, and is signi�cant at high immobilization density. In

addition, desolvation behavior in a large cuboidal volume adjacent to MM-ligand surfaces

xv



has been characterized. Results from these calculations indicate that based on ligand chem-

istry, density, and point of immobilization, MM-surfaces can present not only distinct surface

patterns, but also di�erent hydration behaviors. These results have important implications

for our understanding of protein{MM-surface interactions.

Further, interactions of these MM-ligand surfaces with both a small model protein and

a commercially relevant therapeutic protein have been studied. The impact of increasing

ligand density, and associated ligand self-association, on the protein adsorption free energy

have also been investigated. Our results indicated that MM-surfaces with clustering ligands

resulted in a marked increase in the adsorption free energy for the small model protein.

In addition, a marked decrease in binding free energy was observed for clustering MM-

ligand surfaces, when simulated at an elution salt condition. Limiting the self-association

tendency of clustering ligands drastically decreased the free energy of adsorption, indicating

that ligand-ligand self-association is crucial for these surfaces to e�ectively bind proteins.

On the other hand, for the larger protein with a more di�use binding region, a signi�cant

impact on the adsorption free energy was not observed at the low or high densities. However,

subtle di�erences in the protein-ligand interactions between the clustering and non-clustering

surfaces were observed, which may have an impact on selectivity.

These investigations shed light on the role of di�erent kinds of multimodal ligand

surfaces in modulating protein{ligand surface interactions, and provide key insights into how

ligand chemistry, geometry, and density a�ect resin surface properties. These studies lay the

groundwork for rational design of new multimodal ligands, with desired surface properties,

to enhance selectivity and enable e�cient separations.
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CHAPTER 1

INTRODUCTION AND BACKGROUND

1.1 Overview

There has been a remarkable shift in the pharmaceutical industry from small-molecule

drugs to protein therapeutics over the past few decades.1 Biologics, especially, monoclonal

antibodies (mAbs) and their derivatives,2 such as antibody drug conjugates (ADCs), FC-

fusion proteins and bispeci�cs have found applications in treatment of a variety of diseases

from autoimmune diseases,3 chronic in
ammatory diseases3 to cancer.2{4 There has been

an exponential increase in the number of mAbs being studied in clinical trials, since the

approval of the �rst commercial mAb in 1986.5 As of the end of 2017, there are 57 mAbs and

11 biosimilars in clinical use, in the global market.6 This rate is expected to sustain over the

coming years7 owing to the improved targeting, increased e�cacy and decreased toxicity of

these protein-based therapeutics.8

This shift in disease treatment methodology has also been accompanied by a transi-

tion in manufacturing,9 Biomanufacturing 3.0 being led by the advent of recombinant DNA

technology and advanced cell culture.10 The transition to continuous manufacturing, while

still in its early stages, is de�nitely gaining momentum.11,12 Emphasis has increased sig-

ni�cantly on `Integrated and Continuous Biomanufacturing (ICB)'13{15 as well as `Smart

Manufacturing',16,17 resulting in new engineering opportunities.

Typical production pipelines for biopharmaceuticals consist of three steps: upstream,

downstream and formulation.9 Upstream steps primarily involve design and culture of recom-

binant protein producing cells and corresponding bioreactor design and intensi�cation.18,19

Downstream processes involve clari�cation, capture of the molecule of interest from the cell

culture harvest, followed by puri�cation and polishing, typically using chromatography.20,21

This is followed by formulation of the drug product, focusing on biophysical properties such

as solubility and viscosity to ensure appropriate stability and packaging of the pharmaceu-

tical for consumption.22

Based on structural and functional properties, human antibodies, or immunoglobulins

(Ig), can be classi�ed into �ve isotypes (A, D, E, G and M).23 Of the four subclasses of

the IgG isotype (IgG1, 2, 3 and 4), the IgG1 is the most abundant and typically the mAb

of choice for biologics development.23,24 A mAb is a Y-shaped molecule consisting of the
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Fragment Antigen Binding (Fab) and Fragment Crystallizable (FC) domains with speci�c

functionalities.23 The FC domain is generally conserved across the IgG1 class, thus, allowing

for the design of a platform step to capture the mAb from cell culture 
uid (CCF).25 The

Fab domains on mAbs have complementarity-determining regions (CDR), loops that impart

antigen-speci�ty, thus, allowing for protein engineering to generate therapeutic molecules.25

Downstream bioprocessing, which is the focus of this thesis, has grown to match the

volumetric demands from increasingly e�cient upstream processes.26 Aside from the volume

and economic factors, the puri�cation challenge itself in downstream can be classi�ed into two

types:27 a) process related impurities, such as host cell proteins (HCPs), enzymes, DNA, cell

debris etc.; and b) product related impurities, such as aggregates, misfolds, variants etc. Both

kinds of impurities need to be puri�ed to eliminate the risk of toxicity and immunogenicity

to the patient, while also meeting regulatory requirements.27 While advances are being made

to make downstream processing more e�cient and economical (e.g., using precipitation28),

chromatography continues to be the workhorse for biologic puri�cation.

This thesis focuses on an emerging mode of chromatography, Multimodal (MM) Chro-

matography, that has been shown to result in unique selectivities for di�cult separation

challenges.29,30 Molecular origins of the multimodal phenomena in these systems have been

investigated in the past as well,31{34 and this work builds on those results to further elucidate

multimodal surface properties and their potential impact on protein adsorption.

1.2 Protein Chromatography

To manage high yields from improved upstream processes and ensure high purity, pro-

tein chromatography has been employed throughout downstream bioprocessing.35 Extraction

of the drug product from the upstream process involves clari�cation to remove the production

cells and insoluble debris, with the drug product in the cell culture harvest. The product

is then captured from the harvest, typically using an a�nity chromatography step. The

captured product then undergoes further puri�cation using chromatography, followed by ad-

ditional polishing steps to decrease impurity levels as required. Protein chromatography is

usually performed in one of two `modes': `bind and elute' or `
owthrough'. Bind and elute

chromatography refers to a sequential binding of the molecule of interest, with the impurities


owing through the column, followed by an elution of the bound molecule of interest, by

changing the mobile phase conditions. Flowthrough chromatography refers to the `mode'
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where the impurities are bound to the column and the molecule of interest `
ows through',

followed by a change in the mobile phase conditions to regenerate the resin. Chromatog-

raphy techniques can additionally be classi�ed based on the kind of interactions between

the molecule and resin, ranging from very speci�c a�nity interactions, to single mode (e.g.,

charge or hydrophobic) interactions and �nally multimodal interactions. For instance, the

capture step for antibody related products is typically performed using a�nity chromatog-

raphy using the Protein A ligand (usually referred to as Protein A chromatography), which

has become the gold standard for this product class.35 Further puri�cation and polishing of

the captured product has traditionally been performed using single-mode chromatography

owing to its platformability. 35

1.2.1 Ion-Exchange Chromatography

As the name suggests, this mode of chromatography utilizes a single mode, charged

interactions between the protein and the ligands on the chromatographic resin to selectively

bind the drug product. As expected, positively charged proteins bind strongly to negatively

charged, cation exchange (CEX) resins, and negatively charged proteins bind to positively

charged, anion exchange (AEX) resins. Signi�cant literature exists elucidating the molec-

ular interactions involved in this mode of chromatography.36{39 Brie
y, the charged resin

surface is initially equilibrated at a low-salt mobile phase, resulting in an adsorbed layer of

ions. Protein binding occurs at this low-salt condition, resulting from interactions between

charged residues on the protein surface and oppositely charged ligands on the resin surface.

Elution is performed by increasing the salt concentration in the mobile phase resulting in

competitive binding on the resin surface between the protein and ions, and subsequent des-

orption of the protein. Adsorption isotherms for ion exchange chromatography have also

been developed, the most prominent one being the Steric Mass Action (SMA) model,40 since

it has consistently represented experimental data well, using only a few parameters.41,42

Since the interactions between the protein and resin are electrostatically driven, the

mobile phase conditions and the pI of the biologic play a dominant role in determining

separation. For example, cation exchange resins are typically (negatively) charged in the pH

range: 4 to 7, where mAbs (pI range: 7 to 9) are positively charged, leading to predominant

use of CEX resins in the bind and elute mode. On the other hand, anion exchange resins are

typically used to capture the negatively charged impurities, and often used in the 
owthrough
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mode.43

1.2.2 Hydrophobic Interaction Chromatography

This mode of chromatography primarily utilizes hydrophobic interactions between the

protein and the resin to perform separations. Hydrophobic Interaction Chromatography

(HIC) utilizes aliphatic (C 4 to C8 alkyl chains) or aromatic (phenyl group based) ligands to

provide hydrophobic character to the resin surface. Proteins are bound to the hydrophobic

resin at a high-salt concentration (referred to as \salting-out"), and eluted upon decreasing

the salt concentration (referred to as \salting-in"). The high-salt condition screens the

protein-protein charge repulsion, the proteins become insoluble and crash out of the solution,

on to the resin. Signi�cant literature exists on the thermodynamic underpinnings of this

mode of chromatography as well.36,37,44,45 Unlike ion-exchange chromatography (IEX), pH

does not have a signi�cant impact on protein adsorption in HIC.46

1.2.3 Multimodal Chromatography

As opposed to traditional single-mode methods, multimodal (MM) chromatography

employs a combination of di�erent possible interactions; charged, hydrophobic, hydrogen

bonding, etc. between the ligands and the protein to selectively bind the molecule of inter-

est. A range of MM materials have been developed for a variety of applications, ranging

from Hydroxyapatite (HA) and Hydrophobic Charge Induction (HCIC) chromatography to

multimodal ion-exchange (MM-CEX and MM-AEX) chromatography.

One of the earliest iterations of multimodal chromatography has been Hydroxyapatite

(HA) chromatography. HA chromatography has been employed for mAb puri�cation irre-

spective of protein charge. HA materials are composed of calcium crystals providing metal

a�nity binding, and phosphate crystals contributing to electrostatic interactions. HA mate-

rials are available commercially in di�erent crystalline forms. This mode of MM chromatog-

raphy has been shown to separate mAb from high molecular weight (HMW) impurities47 as

well as shown to have varied behavior against a series of model proteins.48

Hydrophobic Charge Induction Chromatography (HCIC) employs the pH conditions of

the mobile phase to induce charge on the ligand and a�ect interactions between the protein

and the resin surface. The protein is typically bound to the HCIC resin at neutral or basic

pH, where the ligand is uncharged. For elution of the protein, the pH of the system is reduced,
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deprotonating the ligand and inducing charge-charge repulsion between the resin surface and

the protein. Some commercially available HCIC materials can bind mAbs in the presence of

salt, similar to HIC materials, but at relatively lower concentrations. With optimal selection

of an HCIC resin and process conditions, hydrophobic and negatively charged impurities can

be bound to the resin, with elution of mAb in pure form.

MM-CEX chromatography has been shown to be more than the sum of its parts,49

the presence of adjoining charged and hydrophobic moieties on the ligand, creating complex

interactions between the protein and the resin surface. As a result, designing separation

processes based on multimodal ligands is not straightforward. Since changes in pH and salt

can both a�ect the ligand and the protein surface, these separations often require a broad

screening to obtain the optimal pH and salt condition. However, unique selectivity windows

resulting from combinations of interactions in MM-CEX chromatography30,49{51 have made

it a promising alternative to single-mode steps for polishing chromatography.

GE Healthcare (now Cytiva) have developed a series of commercially available MM-

CEX and MM-AEX materials that have been widely adopted into the industry. Two popular

materials, CaptoTM MMC (weak MM-CEX resin) and CaptoTM Adhere (strong MM-AEX

resin), have been of particular interest, o�ering high binding capacity at high 
ow rates.

Capto MMC binds strongly even at moderately high-salt concentrations, and has been uti-

lized for removal of aggregates and variants during polishing.42,52 Capto Adhere, typically

operated in the 
owthrough mode, binds hydrophobic and negatively charged impurities

strongly, letting the mAb 
ow through the resin material.53

1.3 The Challenge: Molecular Understanding of Multimodal Se-

lectivity

Multimodal selectivity is expected to be a complex combination of ligand chemistry,

point of immobilization, ligand density, base matrix, and response to pH, salt and other

changes to the mobile phase. Existing commercial multimodal ligands are picked from li-

braries of multimodal materials, and their usage is limited by their performance in high

throughput resin screening during process development. Delineating the contribution of

each of the above factors to rationally design new multimodal ligands and processes for spe-

ci�c separation problems is an ongoing challenge. Our group has been pursuing a step by
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step molecular understanding of multimodal interactions for the past few years. Previous

work has shed light on the role of ligand chemistry and geometry49,50 in determining protein

selectivity. E�ects of mobile phase modi�ers30,54 on protein retention and selectivity have

also been studied. Protein-ligand interactions have also been investigated using a variety

of biophysical tools, from Nuclear Magnetic Resonance (NMR),55 Surface Plasmon Reso-

nance (SPR), to Atomic Force Microscopy (AFM)56 to identify preferred binding sites for

multimodal interactions.

While these experimental methods have provided signi�cant insights into protein{MM-

ligand interactions, questions about the subtle interplay between charged and hydrophobic

moieties on the ligand and residues on the protein still remain. On a molecular level, both

ligand and protein surfaces are topographically complex, with a heterogeneous distribution

of charge and hydrophobicity, both with di�erent conformational 
exibilities, and varying

responses to mobile phase conditions such as pH, salts, and other additives. Variation in

protein solvation itself with varying mobile phase conditions is a complex and still open

question. Interactions of these proteins with a multimodal surface is added complexity, that

makes the problem even more challenging. Developing a complete picture of this system,

therefore, is a multifaceted challenge. Molecular simulations provide a unique avenue to

answer some fundamental molecular questions on our way to unraveling this puzzle.

1.4 Molecular Dynamics Simulations

With the advent of supercomputing technology and simultaneously increasing e�ciency

of computing algorithms,57 molecular simulations have become indispensable tools to probe

molecular questions about increasingly complex systems. Molecular simulation `experiments'

provide a much higher level of precision and control in making molecular-level observations

as compared to techniques on `real' chemical systems (e.g., spectroscopy, crystallography).

Molecular dynamics simulations model the time evolution of a system using classical

Newtonian mechanics. The position and velocity of each atom is calculated based on the

position, velocity, and potentials from the previous time step. Performing this iteratively

results in a trajectory that can then be analyzed to obtain quantities of interest.58{60

Classically, molecules in a system are represented as collections of atoms, held together

by bonds. Molecular geometry is implemented using `bonded' potentials based on bond

length, bond angle, and proper and improper torsion angles. Interactions between atoms
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(and molecules) are governed by `non-bonded' potentials that are typically a combination

of an electrostatic (e.g., Coulomb potential) and a dispersion (e.g., Lennard Jones (LJ))

potential.58{60 Pair-wise potentials are calculated and summed at each time step, and the

resulting positions and velocities for the next time step are obtained. These potentials

are tabulated as `force �elds' and are typically parametrized to reproduce experimental

measurements or more accurateab initio calculations.61{63 Simulations performed in the

NVT or NPT ensembles have the added imposition of a thermostat or a barostat that add

corrections to velocities to keep the temperature and pressure close to speci�ed values.58{60

1.4.1 Enhanced Sampling Methods

While molecular simulation algorithms have become increasingly e�cient and take

advantage of the state-of-the-art computing hardware, computing times still do not scale

well as the system size increases. Additionally, evaluating some quantities of interest requires

`sampling' of the system in a state which is highly unlikely, or `rare'.64 In theory, this can be

accomplished by a su�ciently long classical simulation, but this is computationally expensive.

To accomplish signi�cant sampling of rare events, several algorithms have been developed

to e�ciently enhance the sampling of a system to suit the questions being asked.

Umbrella Sampling (US) is an enhanced sampling method where a series of biased,

parallel simulations are performed at di�erent points on a speci�c reaction coordinate.65

These biased windows (umbrellas) are then used to calculate the unbiased probability of the

system being at each point on the reaction coordinate. A technique called weighted histogram

analysis method (WHAM)66,67 is used to remove the biasing component and stitch together

the windows into a free energy curve for the reaction coordinate.

Metadynamics is another technique where the system is sampled along a collective

variable (CV), consisting of one or more order parameters, and the bias being placed against

regions in the CV phase space that have already been sampled.64,68 This allows for e�-

cient sampling along the entirety of the CV space, which is useful when the exact reaction

coordinate is unknown.68

1.4.2 Solvent-Mediated Interactions

Since most biological phenomena occur in aqueous media, we brie
y summarize some

possible e�ects on intermolecular interactions when in a solvent.69 The �rst e�ect occurs when
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a particle is introduced into a solvent; there is an unfavorable free energy resulting from the

formation of a cavity in the solvent, corresponding to the size and shape of the solute. This

e�ect is referred to as cavity formation. The unfavorable penalty could be reduced when

two solutes approach each other in a solvent, resulting in a net attractive force. However,

approaching solutes will also displace the solvent in the direction of their movement, and this

can have an unfavorable free energy as well. This is referred to as the solvent displacement

e�ect. Further, when a solute is inserted into a solvent, local restructuring of any existing

solvent structure can occur. This is the solvent restructuring e�ect. Additionally, adding

a solute can a�ect the physical properties of the solvent molecules themselves, such as the

dipole moment or charge. All these e�ects occur to varying degrees for all solute interactions

in any solvent. We note that the classical simulations do not allow for change of charge on

atoms in the system, and therefore the last e�ect mentioned above cannot be observed. The

others however are incorporated automatically in explicit solvent simulations.

Our solvent of interest, water, in spite of its small size and simple structure, is more

complex than other simple liquids. Water molecules form a tetrahedral structure in the

liquid state, based on strong, directional hydrogen bonds.70,71 Cavity formation in water,

therefore, requires rupture and restructuring of these hydrogen bonds to accommodate a

solute.72 For smaller solutes, hydrogen bonds in water often `strain' to accommodate a cavity

(favorable enthalpy, unfavorable entropy).72 As the solute and corresponding cavity increase

in size, the hydrogen bonds are broken (unfavorable enthalpy) but the water molecules

are now free to move around (favorable entropy). As the length scale further increases,

there can be a transition from liquid-like to vapor-like state in water.72 We note here that

protein surfaces and MM-ligand surface features are at intermediate length scales.72 Water

has interesting characteristics during solvent displacement and restructuring as well. Contact

formation between solvated solute involves displacement of water from their hydration shell

into bulk, the thermodynamics of which depends both on the size of the solute and the kinds

of interactions between the solute and water.72{74 Restructuring in water is again driven

by the ability of solutes to hydrogen bond, and the tendency of water molecules to orient

themselves to preserve their hydrogen bond networks.72,75

Hydrophobicity is an important characteristic for most biological molecules. While

macroscopic hydrophobicity can be measured using contact angles, a reliable metric of molec-

ular hydrophobicity is obtained using the probability of cavity formation near the solute; how
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easy it is to remove water and form a cavity near the solute/surface.76 This de�nition has

been found to be consistent with macroscopic de�nitions as well.76 Older methods of mea-

suring hydrophobicity using the partitioning of amino acids between water and an organic

liquid, have been used to build hydropathy scales for proteins,77{79 but recent work in our

lab has shown that there can be signi�cant di�erences between these ways of calculating

hydrophobicity. In fact, hydrophobicity has been shown to be context-dependent,80 and so

rigorous methods of measuring hydrophobicity using the probability of cavity formation76 or

compressibility81 of a volume of water near the surface have become more important.

1.5 Molecular Simulations Applied to Multimodal Chromatogra-

phy

Our group has utilized molecular simulations in the past as well to answer some fun-

damental questions about multimodal chromatography. Evaluation of protein binding sites

has been performed using molecular simulations82 and correlated with experimental chro-

matographic results. Methods have been developed to investigate ligand moiety binding

preferences around a protein31 using spherical harmonics expansions. The impact of mobile-

phase modi�ers, e.g., urea and arginine, on MM-ligand{protein surface interactions83 has

also been investigatedin silico. Prediction of chromatographic elution trends and preferred

binding faces using coarse-grained free energy calculations of protein{MM-surface interac-

tions has also been attempted.32 Enhanced sampling tools have also been used to correlate

MM-surface{protein interactions with experimental evaluations of preferred binding faces in

MM-systems.56 Fundamental investigations into the conformational84 and hydration prefer-

ences34 of multimodal ligands in free solution have also been performed. Additionally, surface

pattern formation in some MM-ligand systems when immobilized on a self-assembled mono-

layer, has been also been characterized.33,85

This thesis aims to take these e�orts forward with a focused look at multimodal lig-

and surfaces and their interactions with proteins. Chapter 2 extends previous work with

multimodal ligand immobilized surface to more rigorously characterize self-association and

investigate the e�ects of salt in these systems. Chapter 3 discusses the hydration behavior of

MM-ligands on a SAM surface in di�erent contexts. Dehydration of the ligand solvation shell

on low- and high-density systems has been analyzed using biased simulations, to investigate
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correlations with ligand chemistry and immobilization density. A larger volume adjacent

to MM-ligand immobilized SAMs has also been investigated to characterize the drying and

release of water molecules, and correlate with ligand-ligand self-association seen on these

ligand surfaces. Chapter 4 further investigates the interactions of these MM-surfaces with

two proteins, a small model protein, ubiquitin, which has been extensively studied in the

past experimentally; and a larger commercially relevant therapeutic molecule, the IgG1 FC.

Binding free energies of ubiquitin to MM-ligand surfaces with increasing densities have been

calculated, to study the impact of ligand clustering on protein adsorption. Protein adsorp-

tion to high-density MM-ligand SAMs at a high-salt condition, mimicking chromatographic

elution, has also been studied. Adsorption of the FC molecule to both high- and low-density

MM-ligand SAMs has also been investigated to shed light on the molecular origins of selec-

tivity in these systems. Further work based on Chapters 2 to 4 has been proposed in Chapter

5, and an outlook for the future of multimodal ligand design is discussed.



CHAPTER 2

MULTIMODAL LIGAND IMMOBILIZED SELF-ASSEMBLED

MONOLAYER SURFACES

2.1 Introduction

Characterizing multimodal ligand behavior is fundamental to understanding selectiv-

ity in chromatographic processes. While the simultaneous presence of hydrophobic and

charged moieties on these ligands makes them powerful tools for creating selectivity in chro-

matographic processes, the fundamental molecular interactions between protein and resin

surfaces that make this selectivity possible, are still not well understood. Two widely-used,

commercially available ligands, Capto MMC and Nuvia cPrime serve as excellent model

molecules for detailed investigations into the molecular phenomena underlying multimodal

selectivity. Both ligands have a phenyl moiety providing hydrophobic interactions, and a

carboxylate moiety providing charged interactions, but have subtle di�erences in their ge-

ometry and immobilization arrangements. These ligands have been studied extensively by

our group49,86,87 and shown to demonstrate unique selectivities in chromatographic retention

to a library of model proteins.86

One of the key steps to understanding multimodal ligand behavior is characterizing

the behavior of multimodal ligands in free solution. Conformational84 and hydration34 pref-

erences of multimodal ligands in free solution have been investigated in detail. Torsion angle

distributions for the Capto MMC and Nuvia cPrime ligands have been studied in di�erent

environments (in vacuum, in a Lennard Jones 
uid and in water) to obtain their preferred

conformations, which have been found to be persistent when interacting with proteins in free

solution as well.84 Further, the distribution of water molecules around di�erent moieties on

these ligands has also been studied and compared to the protein-bound state.34

In a chromatographic resin, multimodal ligands are usually immobilized to a hy-

drophilic base matrix, which makes characterization of ligand surface properties, the next

logical step. Self-assembled monolayers (SAMs) have been used throughout this thesis for

investigation of MM-ligand surface properties. Extensive literature exists on both experi-

mental and computational applications of SAMs for studying a range of surface properties.88

SAMs provide a high precision method for preparing and modifying surfaces and are highly

11
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Figure 2.1: Schematic representation of MM-ligand immobilization on a
self-assembled monolayer (SAM). MM-ligands in licorice
representation, red circles representing hydroxyl headgroups, alkyl
chain in cyan sticks, yellow circles representing sulphur groups in
the alkyl-thiol chains.

suitable for in silico studies. Pure hydroxyl and pure methyl SAMs have been used as model

hydrophilic and hydrophobic surfaces for investigations into molecular hydrophobicity, and

substitution of these headgroups with molecules of choice has been used to generate a variety

of di�erent kinds of surfaces.76

Figure 2.1 shows a schematic representation of the single lea
et SAMs that have been

used to mimic a hydrophilic base matrix on which multimodal ligands have been immobi-

lized. The individual SAM strands are made up of C10 alkyl-thiol chains with appropriate

placement on a grid and position restraints to mimic an experimental counterpart. The

hydrophilic background is provided by the hydroxyl headgroups, which are periodically sub-

stituted by an MM-ligand of choice to correspond to a desired ligand density.

2.1.1 Quantitative Structure Activity Relationship (QSAR) Modelling

High throughput screening (HTS) methods have gained increasing popularity in down-

stream process development to inform resin selection and mobile phase conditions for chro-

matography.89{91 The large amount of data generated from these experimental techniques

has created opportunities for empirical correlation models as well as quantitative structure
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Figure 2.2: QSAR modelling work
ow.

activity relationship (QSAR) models. While these models are generally e�cient for pre-

dictions of drug activity and other pharmacological properties, they have been extensively

applied to prediction of chromatographic retention.49,92

Figure 2.2 shows a typical work
ow for QSAR modelling of chromatographic retention.

Chromatographic retention data is obtained experimentally, while descriptors of the protein

surface and multimodal ligands are obtainedin silico (highlighted in Figure 2.2). This

data is then pre-processed, followed by feature selection, algorithm screening and model

development and validation. The �nal model is then validated on a test data set. Most of

the QSAR models for multimodal retention chromatographic rely heavily on protein surface

descriptors.92 Incorporating ligand surface properties into these models can further improve

their predictive power and streamline process development.

Investigations of MM-ligand surfaces have shown ligand-ligand self-association, result-

ing in interesting surface pattern formation behavior at certain densities for MM-ligands

with exposed hydrophobic moieties.33 Here we continue this line of investigation, by immo-

bilizing multimodal ligands on a self-assembled monolayer and studying the ligand-ligand

self-association using moiety density distributions and cluster size distributions. The impact

of a high-salt, mimicking a chromatographic elution condition, has been investigated, and

ligand surface descriptors for quantitative structure activity relationship (QSAR) modelling

have been developed.
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2.2 Methods

SAM surfaces for these simulations were set up based on existing literature,88 and the

details are summarized below. The position and orientation of the SAM strands were set

to correspond to an alkyl-thiol SAM immobilized on a gold (1 1 1) surface. The surfaces

were made up of 528 SAM strands terminating in either ligand headgroups or hydroxyl

groups (to create a hydrophilic background, representative of the base matrices found in

commercial resins). High (1ligand/nm2) and low (1ligand/3 nm2) density surfaces have

132 ligand-terminated and 36 ligand-terminated SAM strands, respectively, in boxes of size

10.978Ö 10.368Ö 10 nm3. Each ligand was immobilized using a covalent bond between

its base atom and an alkyl thiol chain comprising ten carbon atoms, with one sulphur and

carbon atom at the base. All ligands in Table 2.1 were immobilized at the CH3 end. A

harmonic potential of, 40000kJ/mol·nm2 was used to restrain the sulphur atom and the

seventh carbon atom from the base, to maintain the structure of the surface, as has been

done previously.76,93 The ligands listed in Table 2.1 were parameterized using the general

Amber force �eld (GAFF), 61 and charges were calculated with the AM1-BCC94 approach.

Hydroxyl group parameters were taken from a methanol parameterized with the same force-

�eld parameters. Ion parameters (Na+ and Cl-) were also taken to be consistent with GAFF,

the no-salt condition corresponding to the number of ions required to neutralize the system

(132 ions for high-density surfaces and 36 ions for low-density surfaces), and the high-salt

condition corresponding to a concentration of 800mM, leading to 548 additional ions in the

system. TIP3P95 water was used for all simulations.

All simulations were performed using GROMACS60 version 2018.4, in the NPT en-

semble. The Nos�e-Hoover96 thermostat and the Parrinello-Rahman97 barostat were used to

maintain the temperature (298K) and pressure (1bar). Electrostatics were calculated using

the particle-mesh Ewald method98 with a grid spacing of 0.12 nm, and fourth order B-spline,

and a direct sum tolerance of 10-5 (default parameters). Equilibration runs of 5ns were

performed followed by productions runs of 50ns, saving coordinates every 2ps.

2.3 Results and Discussion

Formation of clusters on MM-ligand surfaces has been reported previously.33 Figure

2.3 shows the density distributions for di�erent moieties on the Nuvia cPrime ligand in the

(x, y) plane, averaged in the z-direction, at low and high MM-ligand density SAMs. At both
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Table 2.1: Structures of common multimodal ligands.

Name Type Structure

Capto MMC MM-CEX

Capto Ligand MM-CEX

Nuvia cPrime MM-CEX

Toyopearl MX-Trp-650M MM-CEX

CMM Hypercel MM-CEX

Prototype 4 MM-CEX

Prototype 5 MM-CEX

Capto Adhere MM-AEX

Nuvia aPrime MM-AEX

densities, the Nuvia ligands remained upright throughout the course of the simulation. As

shown in the �gure by the concentrated purple regions near the point of immobilization,

the aromatic phenyl moiety on the ligand was placed close to the point of immobilization

and, therefore, unable to move around. The carboxylate group, indicated by red, did have

some mobility, indicated by the di�use nature of the density distribution, but charge-charge

repulsion resulted in no signi�cant ligand-ligand self-association. Overall, the Nuvia surfaces
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Figure 2.3: Density distributions for the Nuvia cPrime ligand at (a) low
(1ligand/3 nm 2) density, (b) high (1ligand/nm 2) density;
immobilized on a SAM surface. The results were obtained using
single 10ns trajectories. Atom density scale ranges from 0 (white)
to 2 atoms/nm 2 (relevant color). Colors: purple, phenyl ring; red,
carboxylic acid group.

presented a uniform surface pattern with an exposed layer of charged carboxylate groups,

and buried aromatic phenyl groups.

Figure 2.4 shows similar moiety density distributions for the Capto ligand immobilized

SAM surfaces at both low- and high-densities. The low-density immobilization (Figure 2.4a)

placed the Capto ligands far apart, and while the exposed aromatic and charged groups had

mobility, they were unable to interact. The purple rings indicate that the phenyl moiety

was free to rotate in all directions around the point of immobilization, but the separation

between the ligands did not allow anyp-p stacking to take place. The red regions indicating

the averaged location of the carboxylate moieties are all uniformly spaced out as well. The

di�erence in the patterns for phenyl group vs the carboxylate group are a consequence of the

geometry of the ligand; the torsion angles were such that this was the preferred conformation

for the ligands.84 In contrast, the Capto ligand when immobilized at the high-density showed

a very di�erent moiety distribution in the x-y plane (Figure 2.4b). At this density, the

ligands were placed su�ciently close together that interactions were possible between the

di�erent moieties. The phenyl groups on the Capto ligands engaged inp-p stacking to form

long, interconnected clusters of ligands. These appear as the continuous purple regions on

the density distribution map. Patches of red were also observed to be close together on the
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Figure 2.4: Density distributions for the Capto ligand at (a) low
(1ligand/3 nm 2) density, (b) high (1ligand/nm 2) density;
immobilized on a SAM surface. The results were obtained using
single 10ns trajectories. Atom density scale ranges from 0 (white)
to 2 atoms/nm 2 (relevant color). Colors: purple, phenyl ring; red,
carboxylic acid group.

density distribution map. This indicated that the carboxylate groups also clustered together.

This could be a result of the ligand orientations from the clustering phenyl groups, and also

because of stabilization of these charged clusters in the presence of sodium counterions in the

vicinity. Overall, the Capto ligands when immobilized at the low-density, with the ligands

spread out far apart, presented uniform surface patterns, while at the high-density showed

ligand-ligand self-association resulting in patches of charge and hydrophobicity. These trends

have also been seen for the commercial Capto MMC ligand, which has an added hydrophilic

linker to the Capto headgroup.33 Owing to more conformational 
exibility in the presence

of the linker, the headgroups were able to reach each other at the lower density as well, and

self-association was seen at both low- and high-densities.

2.3.1 MM-Ligand Self-association in Commercial MM-CEX Ligands

Ligand-ligand self-association has also been observed in other commercial MM-CEX

ligands. Toyopearl MX-Trp-650m (Table 2.1) is a multimodal cation-exchange ligand with

the indole group providing hydrophobic characteristics, and the carboxylate group providing

negative charge. Results from SAM simulations performed for the Toyopearl MX-Trp-650m

ligand at low- and high-density are shown in Figure 2.5. At the low-density (Figure 2.5a),
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Figure 2.5: Density distributions for the Toyopearl MX-Trp-650m ligand at (a)
low (1ligand/3 nm 2) density, (b) high (1ligand/nm 2) density;
immobilized on a SAM surface. The results were obtained using
single 50ns trajectories. Atom density scale ranges from 0 (white)
to 2 atoms/nm 2 (relevant color). Colors: purple, phenyl ring; red,
carboxylic acid group; and green, base atoms.

the moiety distribution maps showed that the ligands are separated by a large enough dis-

tance that interactions leading to self-association are unable to occur. Interestingly, the

red patches, indicating the presence of carboxylate groups, appeared to be negligible for

this system. The ligand preferred to stretch out straight into the interface, and this likely

preferred conformation of the ligand resulted in the carboxylate group being much less acces-

sible to the bulk. At the higher density (Figure 2.5b), the ligands were now close enough for

interactions between the moieties, and the purple regions on the density distribution map

indicated likely interactions between the indole moieties of the ligand headgroup. While

this self-association was similar to that seen for the Capto ligand at the high-density, no

charged patches were observed. This again points to intrinsic ligand geometry facilitating

p-p stacking between the phenyl ends in such a way that the charged carboxylate groups are

not forced into clusters. Overall, no self-association was seen for the Toyopearl system at

low-density, while the high-density system, had ligands close enough for the indole groups

to stack against each other and form patches of hydrophobicity. Owing to the geometry of

the ligand, no charged patches were observed for this system.

While the moieties making up the CMM Hypercel (Table 2.1) are the same as those

making up the Capto ligand, their geometric arrangements are di�erent. The CMM Hypercel
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Figure 2.6: Density distributions for the CMM Hypercel (a) deprotonated
ligand at low (1ligand/3 nm 2) density, (b) deprotonated ligand at
high (1ligand/nm 2) density, (c) protonated ligand at high
(1ligand/nm 2) density; immobilized on a SAM surface. The results
were obtained using single 50ns trajectories. Atom density scale
ranges from 0 (white) to 2 atoms/nm 2 (relevant color). Colors:
purple, phenyl ring; red, carboxylic acid group; and green, base
atoms.

resin has the same phenyl group as the hydrophobic moiety, but the carboxylate group

providing charged characteristics is now substituted directly on the phenyl group. Hypercel

resin is usually operated in the Hydrophobic Charge Induction Chromatography (HCIC)

mode. The proteins are bound typically at a pH where the ligand is uncharged (protonated),

and elution is performed by changing the pH, so the ligand turns charged (deprotonated),

and the protein is kicked o� the resin by charge-charge repulsion. In the charged state,

the Hypercel ligand can be thought of as a multimodal cation-exchange ligand. Results for

SAM simulations obtained for the Hypercel ligand are shown in Figure 2.6. Two sets of

simulations were performed for the high-density system, one with the ligand in the charged

state (Figure 2.6b), and the other uncharged (Figure 2.6c).

The low-density CMM Hypercel SAM surfaces (Figure 2.6a) again did not show any self

association. The purple regions on the density distribution maps indicates that the phenyl

moieties are free to move around in all directions, but the separation between ligands is too

large for them to be involved in any interactions. At the high-density in the charged state

(Figure 2.6b), the ligands are close enough to interact, but the charge repulsion between the

carboxylate substituted phenyl groups is too strong for anyp-p interactions to take place.
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This is corroborated by drastically di�erent moiety distribution maps for the same ligand in

the uncharged state (Figure 2.6c). Removing charge from the carboxylate allows the ligands

to arrange themselves, forming longp-p stacks that are persistent for the duration of the

simulation. These clusters are further stabilized by hydrogen bonding interactions between

the carboxylate group on one ligand and the amide group on an adjacent ligand.

These results demonstrate that subtle changes in the ligand structure and modi�cations

to the mobile phase conditions can drastically change the surface pattern formation on the

resin surface. This has implications for rational MM-ligand design with tunable surface

properties to suit speci�c separation challenges.

2.3.2 Impact of Salt on Surface Pattern Formation

Since, MM-CEX chromatography is typically performed in the `bind and elute' mode,

evaluating these ligand surface characteristics in the presence of a higher salt concentration is

critical. Here, MM-ligand immobilized SAM surfaces have been simulated in 800mM NaCl

to mimic a high-salt elution condition. Density distribution maps were calculated for all

ligand SAMs listed in 2.1. Figures 2.7a and 2.7b show a comparison for the high-density

Capto ligand immobilized SAM at neutralizing salt and at high-salt, respectively. Both maps

show patches of hydrophobicity (in purple) and charge (in red), and there are only marginal

visual di�erences between the two maps. Similar results were seen for all other ligand SAM

surfaces as well.

Methods to perform image processing based quanti�cation of patch areas have been

developed previously.33 These methods convert the density distribution maps shown in pre-

vious �gures into black and white regions based on speci�ed cuto�s, and MATLAB image

processing tools have been used to calculate the distribution of patch areas from these �g-

ures.33 Additionally, a new graph-based surface descriptor has been developed to quantify

the cluster formation in ligand SAMs. This method converts the ligand positions in the

trajectory into a graph, with the ligand moieties denoted by nodes, and edges weighted by

the minimum distance between the heavy atoms on the moieties. These graphs are then

processed and nodes connected by edges with a weight lower than a speci�ed cuto� (e.g.,

5�A) are considered to be forming a cluster. These graph calculations can be modi�ed to

consider di�erent moieties for contact calculation, consider any heavy atoms within cuto�

distance between ligands as a contact, or change the cuto� distance specifying a contact
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Figure 2.7: Density distributions for the Capto ligand immobilized on a SAM
surface at (a) high (1ligand/nm 2) density in low-salt, (b) high
(1ligand/nm 2) density in high-salt. The results were obtained using
single 50ns trajectories. Atom density scale ranges from 0 (white)
to 2 atoms/nm 2 (relevant color). Colors: purple, phenyl ring; red,
carboxylic acid group.

between MM-ligands in a cluster.

Figure 2.8 compares the self-association tendencies for the low-density Capto ligand

at the low- and high-salt conditions. As noted earlier (Figure 2.4), the Capto ligand SAM

did not show self-association at the low-density. Figure 2.8a shows a distribution of cluster

sizes, obtained from graph-based calculations, observed for this system in low-salt (in blue)

and in high-salt (in orange) simulations. Here, two ligands are considered to be contacting

if any heavy atoms on the phenyl moieties are within 5�A of each other. The cluster size

is determined by the total number of ligands contacting with each other. As can be seen,

very few clusters of size 2 or 3 are found in the low-density systems. This corroborates our

earlier �nding that the ligands are spaced too far apart to be contacting frequently. The

large error bars on the distributions for the low-density Capto ligand SAM indicate that the

clusters are formed very rarely. Figures 2.8b1-c1 and 2.8b2-c2 show the image processing

based calculation of patch area distributions for low-salt (in blue) and high-salt (in orange)

systems, respectively. No signi�cant di�erences are observed between the two salt systems.

While occasional large patch areas have been observed, they are likely an artifact from the

cuto�s for image processing. The majority of the patches have areas� 2 nm2, that would

correspond to the range of motion for an individual Capto ligand immobilized on a SAM.
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Figure 2.8: Salt e�ects for the Capto ligand low-density SAM. (a) cluster size
distributions; (b1-2) binary image conversions of 2-D phenyl ring
density map distributions, (c1-2) patch area distributions. Colors:
blue, no-salt; orange, 800mM NaCl.

Figure 2.9: Salt e�ects for the Capto ligand high-density SAM. (a) cluster size
distributions; (b1-2) binary image conversions of 2-D phenyl ring
density map distributions, (c1-2) patch area distributions. Colors:
blue, no-salt; orange, 800mM NaCl.
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Figure 2.10: Salt e�ects for the commercial Capto MMC ligand low-density
SAM. (a) cluster size distributions; (b1-2) binary image
conversions of 2-D phenyl ring density map distributions, (c1-2)
patch area distributions. Colors: blue, no-salt; orange, 800mM
NaCl.

At the high-density, self-association tendencies for the Capto ligand at low- and high-

salt conditions are shown in Figure 2.9. As a reminder, the Capto ligand at the high-density

showed ligand-ligand self-association, resulting in patches of hydrophobicity and charge.

Figure 2.9a compares the cluster-size distributions obtained from our graph-based metric.

As compared to the low-density Capto ligand systems, we see a signi�cantly larger number

of contacting pairs of Capto ligands (cluster size 2), in addition to the increased frequency

of size-3 and size-4 Capto ligand clusters. The cluster size distribution is not a�ected by

the presence of the additional ions in high-salt systems. Figure 2.9b compares the patch

area based distributions for the low-salt and high-salt systems. Di�erences between the

distributions for the two salt systems are again minimal, with occasional larger patch areas in

the high-salt systems, which are likely an artifact from image processing, or some additional

patches of charge resulting from proximity to more ions.

As has been noted before, the commercial Capto MMC ligand has been shown to

self-associate at both low- and high-densities. Figure 2.10 compares the e�ect of salt on

the self-association of Capto MMC at the low-density of immobilization. The cluster-size
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Figure 2.11: Salt e�ects for the commercial Capto MMC ligand high-density
SAM. (a) cluster size distributions; (b1-2) binary image
conversions of 2-D phenyl ring density map distributions, (c1-2)
patch area distributions. Colors: blue, no-salt; orange, 800mM
NaCl.

distributions (Figure 2.10a) demonstrate that pairs and triplets of Capto MMC ligands exist

even at the low-density and are una�ected by addition of ions into the system. The large error

bars indicate that the ligands are fairly mobile, and the clusters can form and disassociate

over the course of the simulation. Trends observed from the patch area based distributions

(Figure 2.10b), indicate that the relative number of patches of di�erent sizes remains similar,

in the presence and absence of ions.

Figure 2.11 compares distributions of cluster sizes and patch areas for the high-density

Capto MMC SAM. Ligand self-association has been shown to occur in the high-density

SAM systems, previously,33 and is una�ected by addition of more ions into the system.

Cluster-size distributions (Figure 2.11a) are similar for both low- and high-salt systems,

with similar numbers of clusters of size-2 and size-3. Patch area distributions for this system

have also been calculated (Figure 2.11b-c), and there are only nominal di�erences in the

number of patches with areas> 4 nm2 between the low- and high-salt systems, likely due to

subtle di�erences in image processing between the density distribution maps for the low- and

high-salt systems. Overall, for all the MM-CEX ligands studied, the ligand surface pattern
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Figure 2.12: Salt e�ects for the commercial Capto Adhere ligand low-density
SAM. (a) cluster size distributions; (b1-2) binary image
conversions of 2-D phenyl ring density map distributions, (c1-2)
patch area distributions. Colors: blue, no-salt; orange, 800mM
NaCl.

formation is not sensitive to the addition of NaCl ions into the system. While the presence

of an added linker in the commercial Capto MMC systems does still increase the tendency of

the ligand to self-associate (evidenced by the self-association even at low-density), salt does

not a�ect this pattern formation behavior signi�cantly.

A commercially relevant MM-AEX ligand was also evaluated to test the impact of high-

salt on surface pattern formation. Capto Adhere ligand has a quaternary ammonium group

providing positively charged interactions, and a phenyl group providing hydrophobic inter-

actions. The commercial ligand has a hydrophilic linker attached to the ligand headgroup

(similar to the commercial Capto MMC ligand), and shows ligand-ligand self association

resulting in patches of hydrophobicity on the SAM surface.

Figure 2.12 shows the impact of additional salt on ligand self-association for the Capto

Adhere ligand at the low-density. There is negligible di�erence between the number of

clusters of size-2 and size-3 between the low-salt and high-salt systems, as seen in the cluster

size distributions (Figure 2.12a). Comparison between the patch area distributions (Figure

2.12b) for the two salt systems also show that the ligand self-association on Capto adhere is
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Figure 2.13: Salt e�ects for the commercial Capto Adhere ligand high-density
SAM. (a) cluster size distributions; (b1-2) binary image
conversions of 2-D phenyl ring density map distributions, (c1-2)
patch area distributions. Colors: blue, no-salt; orange, 800mM
NaCl.

una�ected by the presence of larger number of counterions.

Similar calculations have also been performed for the Capto Adhere system at the

higher immobilization density. Both the cluster-size distributions (Figure 2.13a) and patch

area distributions (Figure 2.13b) for these systems have been compared. The surface pattern

formation behavior is consistent at both low- and high-salt systems, with similar number

of clusters for size-2 and size-3, and number of patches with areas> 4 nm2. As seen with

the MM-CEX systems, surface pattern formation in MM-AEX systems is una�ected by the

addition of large number of ions as well. This is encouraging because this implies that this

behavior is an emergent feature of the ligand chemistry, the point of immobilization and

the ligand density. This opens avenues for developing ligand surface descriptors that can be

utilized to predict chromatographic retention in these systems.

2.3.3 Calculation of Ligand Surface Descriptors for QSAR Modelling

As mentioned earlier, QSAR modelling to predict chromatographic behavior has be-

come a key tool in process development. While QSAR models are able to predict protein

retention fairly accurately, they rely heavily on protein surface descriptors.92 Ligand descrip-
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Table 2.2: Representative values for a QSAR descriptor modelled o� SAM
ligand clustering.

Contact (cuto�: 5 �A)
betweenHeavy

Atoms

Max
Cluster

Size

Number of Clusters of

Size 2 Size 3 Size 4

Avg Var Avg Var Avg Var

Capto ligand (high) 10 14.82 3.28 5.38 1.98 2.10 1.17

Capto ligand (low) 5 2.78 1.55 - - - -

Nuvia cPrime (high) 4 7.74 2.43 - - - -

Nuvia cPrime (low) 2 - - - - - -

Toyopearl650m (high) 11 14.23 3.15 4.12 1.86 1.24 1.21

Toyopearl650m (low) 2 - - - - - -

tors incorporated into current modelling protocols treat the MM ligand as a small molecule.

Since ligands are immobilized onto a matrix in the real world, it is not surprising that lig-

and descriptors based on small molecule properties of the MM-ligand do not perform well

in QSAR models to predict retention. As demonstrated in the previous sections, surface

pattern formation is a feature of the ligand chemistry and density, and is persistent in chro-

matographically relevant high-salt conditions. This consistency allows us to develop ligand

surface descriptors capturing the ligand clustering behavior of immobilized MM-ligands.

For instance, the cluster size distributions obtained from our graph-based metric can

be utilized as QSAR descriptors of the ligand surface. Table 2.2 is an illustrative example

of di�erent quantities that describe the surface pattern formation in a range of MM-CEX

systems. The illustration de�nes a contact between two ligands on a SAM as the presence

of a heavy atom on one ligand being within 5�A of another heavy atom on a di�erent ligand.

Based on such contact de�nitions, the MD trajectory of MM-ligand immobilized SAMs

can be processed to evaluate the largest size of ligand clusters observed, and the number

of clusters of di�erent sizes can be tabulated. As can be seen (Table 2.2), these values

capture the self-association tendencies well, with both Capto and Toyopearl systems at high-

densities (whose moiety density distributions and cluster-size distributions have indicated

ligand-ligand self association) show high values for the max cluster size, and average number

of clusters of di�erent sizes. These descriptors can also be based on contacts between speci�c
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moieties (e.g., aromatic or charged), and whether the clusters (graphs) are fully connected or

partially connected to capture di�erent kinds of self-association tendencies (stacks of ligands

interacting in a sequence, vs. a single cluster of multiple ligands, simultaneously within

interaction distance of each other).

2.4 Conclusions

A series of MM-ligand immobilized SAM simulations have been performed at varying

ligand densities for commercially relevant multimodal materials, and surface pattern for-

mation has been characterized. Ligand self-association has been observed across a range of

commercially used MM ligands, resulting in di�erent kinds of patch formation on the surface.

Nuvia ligands present uniformly distributed hydrophobic and charged moieties at both low-

and high-densities. The Capto ligand at the high-density and Capto MMC ligand (with a

hydrophilic linker) at both low- and high-densities, have shown ligand self-association result-

ing in patches of charge and hydrophobicity. Toyopearl ligand, owing to its geometry, has the

charged group sterically hindered and only shows hydrophobic patches when immobilized at

the high-density. CMM Hypercel ligand has shown interesting pH tunable surface pattern

formation resulting in stacks of ligands arranged sequentially. This series of ligands has also

been simulated at a high-salt condition (mimicking elution), and the surface pattern forma-

tion has been quanti�ed using cluster-size and patch area distributions. Ligand clustering on

model Capto ligands and commercially available MM-CEX and MM-AEX ligands at both

low- and high-densities, has been found to be persistent and una�ected by addition of a

large number of NaCl counterions. Ligand self-association has, therefore, been shown to be

an emergent property of ligand chemistry and density. The insensitivity of surface pattern

formation to salt has allowed us to develop molecular descriptors that could be applied to

QSAR modelling of chromatographic retention in these systems. Graph-based descriptors

for these surfaces can be built, not only for the heavy atom contacts illustrated here, but also

for speci�c moiety contacts, with di�erent cuto� distances. These results have implications

for in silico prediction of chromatographic retention and rapid process development using

MM-ligands.



CHAPTER 3

DRYING OF MULTIMODAL LIGANDS IMMOBILIZED ON A

SELF-ASSEMBLED MONOLAYER

3.1 Introduction

Most biological phenomena, including protein adsorption, occur in aqueous media, and

water-mediated interactions, whether through hydrophobic interactions or through solvation

of charged solutes, play a key role in determining the energetics of these processes.69,99 The

unique nature of water-mediated interactions, resulting from the small size of the solvent

molecules, a tendency to form strong directional hydrogen bonds etc., makes it di�cult

to obtain a decoupled picture of complicated biological phenomena.100 Most interactions

in water are in a subtle balance between several large opposing forces, strongly dependent

on temperature, additives, and chemistry and topography of the involved elements.101{105

Understanding water-mediated interactions in our multimodal systems is therefore central

to obtaining a molecular understanding of the macroscopic e�ects seen in chromatography.

Unlike macroscopic hydrophobicity, which is relatively easily understood using exper-

imentally measurable quantities such as contact angle; molecular hydrophobicity can be

described as the unfavorable solvation of non-polar solutes in water. Solvation of a particle

in water requires the spontaneous formation of a cavity of a given size and shape. The proba-

bility of this cavity formation can be related to the corresponding free energy of dehydration

by the relation, �G = � KT logPv(N = 0), where, K is the Boltzmann constant,T is the tem-

perature, v is the volume of the cavity andN denotes the number of water molecules within

the cavity. This formalism implies that the drying free energy, or hydrophobicity, is closely

linked with Pv(N ). Previous work has demonstrated that this formalism for the assessment

of molecular hydrophobicity is consistent with macroscopic de�nitions of hydrophobicity.76

Pv(N ), in small volumes, can be obtained using information theory models.106 However,

as the volumes of interest increase in size, classical simulation methods are no longer su�cient

to evaluate the Pv(N ) curves, for the simple reason that large cavities rarely open up in a

solvated system. As a result, biased simulation methods have been developed to sample the

low-N ends of thePv(N ) curves. The Indirect Umbrella Sampling (INDUS) method107,108

can be utilized to obtain these distributions for larger cavities and in complex environments.

29
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Obtaining these distributions is critical to obtaining a complete picture of molecular

hydrophobicity. This is evidenced from the fact that while the distributions obtained for

small cavities is Gaussian,106 those obtained for larger cavities, and near hydrophobic SAM

surfaces, show a `fat tail'.100 These fat tails indicate that the water in these volumes is at

the edge of a vapor-liquid transition, and this shape of the distribution has been noted to

be a marker of hydrophobic character.

In the INDUS method, N is sampled indirectly, by placing a bias on a strongly cor-

related coarse-grained variable~N , which varies continuously with particle positions, thus

circumventing the impulsive forces that would result if the discontinuous variable,N , was

biased directly. Typically, coarse graining ofN is performed using a truncated and shifted

down Gaussian function, whose� and �c are the coarse graining parameters. For accurate

results, good overlap between biased free energy landscapes is essential, which is ensured by

an appropriate choice of the harmonic constant,� , and � N � between sampling windows,

whereN � is the constant against which ~N is being biased. The biasing potential, therefore,

looks like,Ubias( ~Nv) = 1
2 � ( ~Nv � N � )2, where,� and N � are constants, and ~N v is the quantity

being sampled directly.

Multimodal chromatography is based on the principle that juxtaposition of charged

and hydrophobic moieties on a single ligand, can allow for unique interactions between the

ligand surface and the protein. Since hydrophobic interactions and solvation of di�erent

solutes in water is highly context dependent and length-scale dependent,80 characterizing

the solvation of multimodal ligand surfaces becomes key to understanding the nature of

multimodal surfaces. Further, dehydration of the stationary phase has been hypothesized

to be an important step in protein adsorption.37 MM-ligand immobilized surfaces present

an interesting challenge from the solvation perspective because of their complex chemistries

and varying topologies, thus, allowing for complex dewetting behaviors. Investigating the

dewetting behavior near these interesting ligand immobilized surfaces can help to reveal the

molecular basis for the selectivity seen in these systems.

3.2 Methods

SAM surfaces for the Capto and Nuvia cPrime ligands, were produced as described in

section 2.2. To study the drying of a single ligand on an MM-ligand immobilized SAM, a

probe volume around a single ligand was de�ned consisting of a union of spheres of radius 6�A,
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placed on all heavy atoms on one restrained ligand headgroup immobilized on a SAM (Figure

3.1a). All heavy atoms on this ligand headgroup were restrained with a harmonic potential

of 1,000 kJ/mol. The box size for the simulations was 5.978 nmÖ 5.368 nmÖ 10 nm. Biased

window simulations were performed to empty out this volume around the ligand, using an

INDUS109 patched version of GROMACS60 2016.31. Simulations were carried out in the

NPT ensemble, with temperature (298 K) and pressure (1 bar) being maintained using the

Nos�e-Hoover96 thermostat and the Parrinello-Rahman97 barostat.

Unbiased simulations were performed �rst to evaluate the choice of INDUS coarse-

graining and biasing parameters for the harmonic potential. The selected parameters were:

� = 0.01 nm, �c = 0.02 nm (defaults), � = 0.48 kJ/mol, and � N � = 5. Based on these, a

series of� 20 biased simulations were performed for each system, with 5ns long production

runs, of which the �rst 200ps were discarded as equilibration.

To study the dehydration of a large probe volume of size 2.0 nmÖ 2.0 nm Ö 1.2 nm

placed adjacent to the SAM surface (Figure 3.1b), biased simulations were carried out in

the NPT ensemble in GROMACS60 version 2019.6, patched with PLUMED110 version 2.5

and INDUS1092. The box size for the simulations was 10.978 nmÖ 10.368 nmÖ 10 nm.

Temperature (298 K) and pressure (1 bar) were again maintained using the Nos�e-Hoover96

thermostat and the Parrinello-Rahman97 barostat. For all simulations, electrostatics were

calculated using the particle-mesh Ewald method (63) with a grid spacing of 0.12 nm, fourth-

order B-spline, and a direct sum tolerance of 10-5 (default parameters).

For drying of the larger cuboidal probe volume, the parameters obtained from an unbi-

ased simulation were:� = 0.01 nm, �c = 0.02 nm (defaults), � = 0.3 kJ/mol, and � N � = 5.

Based on these parameters, a series of� 40 biased simulations were performed for each sys-

tem, with 10ns long production runs, of which the �rst 200ps were discarded as equilibration.

TIP3P water70 was used throughout, and Na+ ions (parametrized using GAFF61) were added

to neutralize the system charge. Distributions forN and ~N were stitched together using the

Weighted Histogram Analysis Method (WHAM)66,67 method to obtain Pv(N ). Spatial dis-

tribution functions (SDFs) of water were calculated on a grid around the restrained ligand

with a bin size of 0.5�A, using the spatial tool from the GROMACS60 simulation package, on

1Patched code was obtained from the Patel Group at the Department of Chemical and Biological Engi-
neering, University of Pennsylvania

2Source code publicly available on GitHub: https://github.com/seanmarks/indus , under the MIT
License.
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