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ABSTRACT

The diverse behavior of protein solutions can be attributed to the collection of
microscopic interactions between solvent, protein, buffer and other cosolute molecules.
These interactions can dictate different solution propertiesasuchtive and nenative
aggregation, phase separation (ligepiid separation, crystallization, etc.),
opalescence and elevated solution viscosity. These are monitored and controlled during
the development and manufacturing of protein solutions foeréifit health care, food,
and other industrial applications. Better understanding and control of the interactions
among solution molecules can help to optimize the development and manufacturing of
protein solutions, leading to a decrease in overall prodndtprocess development
costs. However, the complex nature of the moleesgaie interactions makes it
challenging to identify the key contributions to these interactions and resulting solution
behaviors.

Proteinprotein interactions, as opposed to prme®dlvents and proteinosolute
interactions, are the most studied and arguably better understood solution interactions
used dung the development of protelmased products. Historically, these interactions
have been experimentally characterized at latgdin concentrations{) due to several
instrumental and theoretical limitations. This has been done using different interaction
parameters such as the protphotein second osmotic virial coefficienBzf), the
diffusion interaction parametekd) or their surrogates. These are measured wsaty
anddynamiclight scattering (SLS and DLSespectively techniquesanalytical ultra-

centrifugation (AUC) orself-interactionchromatography (SIC), among others. Recent
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efforts have focused on developing heetologies to measure interactions at much
higher c2, whereSLS coupled with KirkwoodBuff (KB) solution theory are used to
interpret the higkc, behavior of protein solutionga the proteinprotein KB integral

(G22). By contrast, simple colloidal (spheal) models have historically been used to
capture protein interactions as a function of solution environmentandth larger
emphasis on love; conditions. However, these models might lack enough molecular
resolution to capture the>-dependent behawi of protein interactions, as well as
enough structural definition to model anisotropic protein molecules, such as monoclonal
antibodies (mAb).

The viability of using coarsgrained (CG) molecular models to capture-oov
high-c. proteinprotein interagons is examined here for a series of proteins and
solutions expanding from globular to mAb proteins. For dilisteseveral different
generic molecular descriptions of a given mAb molecule are used to evaluate differences
across protein steric interact®rfprotein excluded volumeffecty and the protein
molecular volume using advanced Monte Carlo algorithms. This comparison allows one
to find models that can setbnsistently capture lowand highc, packing behavior.
These models are later used to eatdithe protein solution osmotic compressibility as
a function ofc, usingtransitionmatrix Monte Carlo algorithms. The results highlight
shortcomings of using spherical models to capture antibody solution interactions, while
anisotropic mAHike models onsiderably improve consistency between protein
packing and molecular volume. For globular proteins, the spherical assumption is
expected to accurately represent both protein excluded and molecular volumes, so no

additional refinements were performed.
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Those CG models that were found to accurately capture the packing behavior of
proteins from low to higlt, are coupled with simple potential of mean force (PMF)
models to capture sherangednonelectrostaticattractions (from van der Waals and
solvation effets), screened electrostatic interactions (from the protein anisotropic
charge distribution) and highly flexilprotein regions, when needddhis is done to
minimize the number of model parameters yet capture the main contributions to-protein
protein ineractions. Experimental measurement®xtessRayleigh scattering were
performed as a function of solution pH, buffer identity and concentration, and sucrose
content, for a series of NaCl concentrations to estiBaievalues and decouple the
electrostat and shortanged norelectrostatic attractive contributions B».. The
former dominates at low total ionic strengifig) and the latter at highlS conditions.

The results are used to refine model parameters ab|Javhich are later used to predict
high-c. excessRayleigh scattering behavior for similar solution conditions, up to 160
g/L protein concentratiorHigher resolution CG models are used to further evaluate
strong attractions observed at IOWS caused by highly anisotropic electrostatic
attractions. The results indicate excellent agreement between experimental and
predicted values when protein interactions are repulsive to weakly attrdiiE{ st

> -3, with B2z st representing the excluded volume contribution). Strongly attractive
interactions can deviate qualitatively from the experimentally observed behavior. The
CG models are also used to obtain additional domamain potentials of mean force

as a function oty, pH, andTIS to gain insights into preferential interactions across
protein domains.

Added cosolutes, such as sugars, surfactants and other stabilizers, can mediate

the interactions between proteins, thus affectivggdverall solution propertie$hese
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cosolutes are expected to affect the solvation shells of protein$) @dnde cast in the
framework of preferential interactions as a mean to better describe the effects of adding
cosolutes to protein solutiotdowever, arrentpreferential interactioframeworks can
only beusedto interpret experimental protegosoluteinteractions for ternary systems
(threecomponent solutions) while most protein solutions usually contain a minimum of
four components (water, protein, buffer and a cosolute). A new derivafwasented
here for proteinsolvent and protehgosolute inteactions that can be applied to an
arbitrary number and conceation of components for dilute. The new framework
was used to compare differences of preferential interactions in the absence and presence
of buffer, for a series of cosolutes (sucrosdydlese, sodium phosphate and sodium
chloride) and added cosolute concentrations, at fixed solution temperature, pH and
pressure. Protein preferential interaction measurementsesitbat proteircosolute
interactions in the presence (quaternary systemd)adsence (ternary systems) of
buffer are statistically indistinguishable as the buffer contribution was effectively zero.
This would allow to treat quaternary solutions as pseadwary systems, in agreement
with the newly derived framework. Additional easurements were performed to
identify the effects of adding sucrose to a mAb solution into the prpteitein
interactions measuradla excesRRayleigh scattering, which showed that the addition of
sucrose results in increased protpiotein repulsionsAdding sucrose to a mAb
solution resulted in preferential solvation/accumulation of sucrose around the protein
surface, ingood agreement with the orthogonal measurements of prpteitein
interactions and computer simulations.

Finally, experimental measements and molecular scale simulations were

performed for a series dAla-rich peptides to gain insights on the effects of: (i)
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modifying side change hydrophobicity and (ii) modifying the chain length into the
unfolding and aggregation behavior of pepdA fourbeadsperamino acid (4bAA)
CG model was coupled with Replica Exchange Molecular Dynamics (REMD) to
compute unfolding and aggregation transitions and identify intermediate states during
the unfolding behavior of five polypeptide sequences withlar chemistry. Circular
dichroism (CD) was used to unveil the unfolding and aggregation behavior along with
peptide secondary structure of the same sequences as a function of temperature and
polypeptide concentration. The results showed a linear irechedisermal stability with
chain length, with a decrease in stability with decrease hydrophobicity. This is found to
be caused by the increase in solution entropy with the decrease Hshaide
hydrophobicity.

Overall, the results in here demonstrateth{e effects of solution environment
in mediating proteirprotein interactions, (i) how that can be studied within the
framework of preferential interactions, (iii) the viability of coupling experimental
measurements and computer simulations atdpw predict highc. interactions and
better understand the effect of solution formulations at the microscopic level, and (iv)
how more detailed CG models can be used to both capture the anisotropic surface charge
distribution of proteins as well as the unifolgl and aggregatiompropensitiesof
polypeptides. The approaches can be generalized to other proteins of interest outside

those studied here.
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Chapter 1

INTRODUCTION

1.1 Motivation

Proteinbased drugs are one of the fastest growing class of drug products in the
pharmacatical industry [1]. From this group of pharmaceuticals, monoclonal
antibodies (mAbs) are of special intereseda their relatively high solution stability
and their high affinity and specificity for targeted antigen2]. During 2013, sales of
mAb-based drugs surpassed $75 billion in the global market, mostly due to their
flexibility and potency targeting lifthreatening and degenerative diseaEd4l].
Similarly, there is increasing interest in developing other proteins for therapeutic use,
sudh as those made with mAb fragments, small proteins, and pdyasdel therapies
[1,5,6]. Over the past decade thevd®pment of protein based drugs has led to
enhancing human health by treating rare, intractable and/ethigatening diseases
such as cancer and audtomune diseases. However, several challenges during the
development of these therapies are still prelsé 13].

During the develpment of proteirbased therapeutics, a comprehensive group
of critical quality attributes (CQASs) are investigated and monitfi@idl2,14,15] This
is done to comply with requirements set by various regulatory agencies for product
registration15]. Some of these CQAs include levels and types of protein aggregation,
solution viscosity, turbidity, opalescence and phase separf@jbh,16 21]. These
CQAs are difficult to predict, especially for highly concentrated protein sobition

(upwards of 100 ¢g/L)[8,22,23] Such highconcentration conditions have been



increasingly targeted for monoclonal antibody (mAb) solutions when developiRg self
injectable productf8,13]. CQAs are sensitive to changes in solution formulation (such
as pH, ion concentration and chemical identity, and the presence of otha@utss),

protein identity (sequence, structure, binding affindtg), storage temperature, and
interfacial stresses (promoting agitation such as shaking, stietay[10,12,16,24]

This leads to an exceedingly large experimental space that needs to be addressed during
the development stages of any mAb, or for any protein product, to comply with
regulations and target markg¢#15,16] Therefore, it would be advantageous to have
physical/mechanistic models that could reduce the experimentz¢ fyaproviding
guantitative and qualitative predictions of at least a subset of these properties while at
the same time reducing the amount of experimental information required.

Socal l ed fAcol | oi dpoteininteractiofishavae lbeén sipowrot e i n
correlate, in some cases, with several CQAs such as protein phase separation,
opalescence, aggregation rates, and elevated visc¢sitié8,23,2527]. For instance,

Figure 1.1 shows an examplesafchcorrelatiors between protein aggregation rates (in
the form ofobservedate constantdony and praein-protein interactions (in the form

of Goo, see below)23]. Here, a reference was used to comgaengesn aggregation
rateswith theaddtion of cosolutes to the solutipand a correlation wdeund between
KobdKobs,rerand G22-G22 res, fOr kobs,rerand G2z refrepresentinghe valuedor the reference
solutions.This category of protein interactions can be characterized experimentally
using light scattering (LS), analytical ultracentrifugatioand/or smallngle neutron

and xray scattering techniques (SANS and SAXS, respectiy28y36]. Each of these
methods would allow one to measure the second osmotic virial coefficients (réderred

asByy) as a function of solution formulation, but this parameter is limited to ditute



(typically below 10 g/L)23,29] Recent work has highlighted that changes in pretein
protein interactions as a function of protein concentratignc@gn be quantified using
at least a subset of these experimental techni¢R@27,29,3741]. Static light
scattering (SLS) allows one to directly measure prepeatein interactions as a
function of ¢z in the form of KirkwoodBuff (KB) integrals, particularly the protein
protein KB integral G22[23,29] From the perspective of industrial laboratories, SLS
provides G2> and By, values with greater accessibility and/or higher throughput
compared to other techniques, especially techniques such as SAXS and[Z2ANS
31,38,42] SLS provides an attractive experimental technique to measuretdow

high-c; interactions and to compare directly with molecular simulaf28s37 39,43]
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Figure 1.1. Expeimental orrelation of aggregation ratenstant@and potein-protein
interactionsreproducedfrom reference[23]. A reference was used to
compare how changes @p. could correlate witlthanges ifkobs



Apart from idealized conditions, proteins rarelystxn solutions where water

is the only other compone}&,10,16] For almost all biocheroal conditions of interest,

a minimum of three components are present. water, protein, ansgavemtor co-

solute such as buffer or sal8,10,44 49]. Adding casolutes and/or csolvents to
protein solutions can have significant effeatsthe overall solution properties and the
behavior of the protein molecules, altering protein phase behavior, aggregation rates,
conformational stability, and solution viscos[B8,25,46 54]. This has fundamental

and practical implications for design, manufacture, and formulation of proteins and
other biomolecular solutionf8i 10]. However, it is challenging to systematically
characterize, quantify, and predict the effects e$alates (interchangeably referred as
cosolutes and osmolytes in the remainder of this dissertation) on protein properties, and
to capture these in terms of measurable pratesolute interactiong!4,48,49] All of

this is due to the intnsic complexity of multicomponent solutions.

Timasheff and coworker$44,52 54] and Schellman and ewsorkers [48]
developed a systematic framework to characterize the effects of added cosolutes on the
chemical potential of proteins in solution, in the form of preferential interactions, as
opposed to simply fAdirect i nettermiredhtyithens 0.
relative preference of protein molecules to interact with water (the solvent in
biochemical applications) versus each of the other molecules in sq44id8,55] For
ternary solutions, this can lead to two different cases: the first case occurs when the net
proteinrosmolyte interactiomare more favorable (attractive) than the net watetein
interactions, leading to smalled preferential accumulation or preferential binding of
osmolyte molecules around the protein surface, while also preferentially excluding

water molecules from theolvation layer$44,56,57] The second case is the opposite,



leadirg to preferential exclusion of osmolyte molecules from the protein suiface.

is illustratedin Figure 1.2, where sucrose, water and a protein molecule are used to
represent the dynamic behavior of sucrose interchanging with water molecules in the
outer hydration layerscharacteristioof preferential accumulatioaf sucros€44,58]

However, current approaches have only been developed and applied to ternary solutions
despite most proteibhased products containing a minimum of four componente(ywa
protein, buffer and -solute)ldde48,4959] Gomsequéntyt a b i | i
evaluating and improving current approaches is necessary to be#ecterize,
understand and develop commercial protein solutions instead of assuming idealized

conditions where the collectionofallsoo | ut es i s treated as a s

Figure 1.2. lllustrative exampl®f protein solvation/desolvation for the terpaystem
waterproteinsucroseadapted from referend€0]. The bluecircles are
meant to represent the hydration layers of water around the protein
molecule(PDB: 1EX3) with sucroseand water molecules interchanging
on the outer layers tilustrate the preferentiabccumuléion of sucrose
around the protein surface.



Except for relatively small proteins and peptides, it is too computationally
expensive to simulate most protein systems of interest widtath simulations and
explicit solvent molecule61i 67]. Although it is possible to simulation large proteins,
such as mAbs, with alitom simulations and explicit solvent, obtaining volume
integals, such a8, and Gy, is currently intractable and impractical for industrial
applications[63i 67]. This is further exacerbated at high, where hundreds to
thousands of proteins must be simulateautaneously61,68]. Atomistic force fields
provide the most accurate method available to identify amombspecific interactions,
while coarsegrained (CG) molecular models provide faster computations at the expense
of some degree of moleculaefinition [61,65 72]. Previous work has often used
coarsegrained descriptions of intgrarticle interactions to describe protein solutions.
One examplés conditions near crystallization, where coagsained (CG) models with
implicit solvent have been used to describe prepeatein interactiong71i 74].
Similarly, screenedlipole interaction models have been developed and related to
thermodynamic properties duphase behavior of proteins in solut[@b,76]. Although
this simplified description of protein solutions is historically employed asnimalist
approach, the validity of using these logsolution models for protein solutions has
been questioned in some cases. Objections to using CG models arise from the complex
nature of protein interactions on how these are influenced by theosolatmulation,
the protein sequence and structure, and the heterogeneous surface chemistry of proteins.
Based in part on such arguments, recent examples raise the question of whether CG
models are practically useful for capturing or predicting fughcerration properties
of protein solution$66,77 79]. Thus, it is of interest to address whether CG models are

potentially wellsuited as a computational framework to circumvent experimental



searches to optimize time and resources, provided these models can accurately predict
theexperimental behavior of interest.

Several examples of CG models have been previously proposed and studied to
capture proteiprotein interactions, protein unfolding and, in some cases, the
aggregation behavior of peptides and proteinsatution [63,66,80,81] Spherical
models have been historicallged to represent protein solutions from the framework
of colloidal solutiong71,74,81] Additional modifications to these spherical models
have been achieved by using fipatcheso with
to mimic the natural chemical anisotropicity of protein surfd88s33]. Although this
protein description is approximate at best, it can provide useful insights into the effects
of protein interactions in the behavior of protein solution. Higher resolution models ha
also been developed to better capture the effects of the protein sequence in the protein
protein interaction§62,63,66] For instancea onebeadperamino acid (1bAA) model
was developed to captuBz. changes aa function of the solution ionic environment
[66]. This model provides the flexibility of fast computations with sequence resolution
that allows it to be used as a protein engineering tool. Similarly;beadperamino
acid (4bAA) models have primarily been designed to capture qualitativetustiu
features of polypeptide unfolding and saisembly e.g, the transition between helix
and coil configurations for natively helical polypeptides, the existence of local
conformations during unfolding, and the formation of tertiary structure®igy poly
peptided62,67] These BAA models have also been used to understand the molecular
scale interactions that affect the unfolding and-asffiembly ofla-rich peptides in the

context of polymepeptide interactions and amyloid formation. These recent



developments could be useddtter interpret or predict experimental measurements of
protein solutions.

Despite current advances for computing infrastructure and the development of
faster and more accurate experimental techniques, relatively little effort has been
devoted to using mecular simulations to efficiently and accurately predict pretein
protein interactions of concentrated protein solutions, as well as the thermodynamics of
unfolding and aggregation, using CG molecular models. Most efforts have been
invested on accuratelyapturing lowc, behavior with highly structurally resolved
models[62,66] Even though qualitative structural features of the unfolding process are
reasonably well captured, the quantitative details such as unfolding free energy values,
midpoint unfolding tempeatures Tn), and unfolding enthalpy values obtained from
molecular simulations (both CG and atomistic) typically do not match those obtained
experimentally [62,69,70,8487]. Furthermore, itis common to use molecular
simulations in a fAhindsighto manner, where
and the simulations are intended to give moleestate insight that is beyond the
capabilities of the experiment, or to help confirm or refoypotheses that were based
on interpretation of the experimental dgt8,81,84] Much less work has been devoted
to predicting experimental behavior with molecular models, egthgrori or based on

a subset of experimental dahat can provide a reference for future predictions.

1.2 Project Goals

This thesis focuses o0 nproteih gmotaircdsautei zi n g
and proteirsolvent interactions, and protein unfolding behavior both experimentally
and theoreticallyaswell as gaining insights intbow formulation conditions mediate

protein behavior in solution. The specific goals of this thesis are to: (1) develop simple



coarsegrained molecular models that allows one to-setisistently characterize lew

to highconcentration proteirprotein interactionssia Monte Carlo simulations; (2)
predict highconcentration mADb interactions by coupling loxoncentration
experimental measurements with coags@ned molecular scale simulations; (3) use
coarsegrained molecular mads to capture changes in colloidal stability caused by
hydrophobic and electrostatic interactions as a function of pH and protein sequence; (4)
examine the validity of these approaches for globular proteins; (5) generalize KB theory
for quantifying protai-osmolyte and protetsolvent interactions from high precision
density measurements for solutions with more than three components, without
limitations on the number and concentration of all components outside of the protein
molecules; and (6) evaluate aglmerresolution coarsgrained model to predict
unfolding transitions forAla-rich peptides as a function of peptide sequence and
solution temperature. The following subsections provide the background and context
needed for the particular examples in thieesis. Additional experimental and

computational methodologies are explained in each specific chapter.

1.3 Statistical M echanicalBackground of B2z and G2z
In the remainder of this dissertation, the notation of Casasdaisebergwill
be employed: componé 1 denotes solvent (water), 2 denotes protein along with the
stoichiometric counterions needed to maintain electroneutrality, and 3, 4, etc. denote
additional solute specig88]. Consequentlyg, will represent the mass concentration
(in g/L or mg/mL) of protein in the solution of interest. Protpiotein interactions can
be quantifiedusing a variety of parameters,wlhich B22 is one of the most widely used
in the field of protein solution chemistry and statistical thermodynamics

[26,36,50,83,8094]. However By; is only relevant in the dilute protein limité., c; Y



0 g/L) and is independent of. Thus, quantifying the>-dependence of proteprotein
interactions requires a different measurement of-péeticle interactions. The protein
protein KirkwoodBuff integral, G2», is thec,-dependent analogue Bf., and can be
obtained from static light scattering (SLS, see section 1.5) and analytical
ultracentrifugation experimentgs well as experiments based omay or neutron
scatteringsee section 1.629,32,81,95]

The formal definitions oB,2 andGy» are

. P 0 O rfifmm S

6 c Aob oy P Qi QM (1.1)
0  whh

0 Aob TQ.,T] m p Qi QM (1.2)

where w2 represents # potential of mean force between two protein molecules. In the
examples in this thesis, these are the di
proteinprotein interactions in solution such as van der Waals forces, hydrophobic
attractions, and screahelectrostatic attractions/repulsidie®,84] w.2 is explicitly a

function of the centeto-center distance between two protein moleculds their

relative orientationsq(1 & q2), their concentrationcg) and the solution environment

(solvent and other solute concentratiorlg)i s Bol t zmanndsstheonst an
absolute temperature. In equation Wi, is only evaluatedh the dilute protein limit,

which maked>> a co-independent quantity. Conversely;, depends o in equation

1.2, asG. is inherently ac>-dependent quantity. The exception is in the limito¥

0, whenB22 andGg. are formally equivalent except for the difference in sign and a factor

of %2 basd on equation 1.1 and 1[29]. Additionally, G22 can be related to the protein

1C



isothermal compressibility in an osmotic systevhich is also related tbe fluctuations

in the number of proteimoleculesn a Grand Canonical eamble

w O o 1a

W TQ.,YT & O
@ O T h P

0
whereV represents the system volund,Ois the average number of proteins within
the system volumeN’GiN.G is the variance in the number of proteins in the system
volume, and: s the protein chemical potent[&9]. The derivative ofN.Onith respect

to €2 in equation 1.3 is equivalent to the osmotic compressipaly.

1.4 Protein-Water and Protein-Osmolyte Preferential Interactions

Kirkwood-Buff (KB) solution theory is the only comprehensive analytical
liquid-state theory that, in principle, allows one to predict all thermodynamic properties
of macroscopic systems at a given temperature and solution component average
concentrations, based only on molecuktale propertied59,95] Proposed by
Kirkwood and Buff, this framework defines any macroscopic thermodynamic variable
in terms of aset of KB integrals over pagorrelation function$95]. The KB integral
for componentsand] is denotedsjj, and is defined as the volume integral of the average

molecular paicorrelation function@ i1 ) for componeni with respect to component

j, relative to an ideal gas mixture in a grand canonical ensemble
O v i p i Qi (1.4)

A positiveG;j value corresponds to a net attraction between compareamdg, while a

negative value corresponds to a net repulsioni is a function of T and the

concentration of all the components (including those differentifiaordj) in an osmotic

system, sdGj is an implicit function ofT and the bulk conc#grations or chemical
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potentials of each component. Additionall® i is equivalent to the orientational
averaged potential of mean force between molecules :

e 0 |

Ti A@b o~ (1.5)
Consequely, equations 1.2 and 1.4 are equivalent whenj = 2, and when the
potentialwzz is averaged over all possible orientations.

By mathematically inverting the original framework by Kirkwood and Buff,

Ben-Naim and others have derived general thermodynestatonships to calculats;

values based on changes in measurable thermodynamic proEertiess:

T - Te
— w0 O — 1.6
T 5 o Ta R o (1.6)

wherem; and/mdenote the molality and chemical potential of compopeespectively
[59]. As noted by the subscripk Y ,Gequation 1.6 only applies under dilute protein
conditions. The difference between the KB integr@ls ¢ Gz3) on the righthand side
of equation 1.6 dictates thegberential interactions that are observed experimentally,
because the partial derivative on the righhd side is necessarily positive for an
equilibrium system[44,49,59,96] When (12 - Gg3) is positive, the wateprotein
interactions are preferred over the protegsmolyte interactions i(e., preferential
exclusion of the osmolyte), amite versavhen Gi2 - G23) is negative. This does not
specify whether each doBi2 or Gz is positive or negative. The net preferential
accumulation or exclusion of emlutes or water idetermined by only the difference
betweerGi» andGz3, as shown by Timasheff and-emrkers, among othef44,48,49]
Protein and cosolute chemical potentialsandes) are challenging to measure
directly because proteins and most osredare effectively nemolatile and difficult

to crystallize from protein solutions. Derivatives ©f and €3 versus protein and
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osmolyte concentrations cannot typically be measured explicitly but, in some cases, can
be inferred from osmotic pressure, gapressure and dialysis equilibrium experiments
[46,52 54,97 102]). However, these measurements can require substantial amounts of
protein, as well as significantly long experimental times to reach equilijti0f). An
alternative approach to determi@g values and preferential interactions relesthe
relationship between partial specific volumes (PSV) andimtBgrals, such as those
derived by BerlNaim for binary and ternary solutiofts9,99]

The PSV of componeintn solution ¢v) can be directly quantified by evaluating
the change in solution density) @s a function of the mass fraction of that component

(wi) at constanT, pressureK), and solution compositiorj49,59]:

O 5 = (1.7)
hh
For ternary solutions under dilute protein conditi¢ag, c2 < 2 g/L), @ can be related

to (G12 - G23) as follows[49,59}

w

YW .
= O &0 O (1.8)

Here,ar is the isothermal compressibility of the solutibfy is the molecular weight of
the protein, an®Ris the gas constant. For liquid solutions far from the critical pthiat,
leftmost termon the righthand side of equation 1.8 is sufficiently close to zero to be
neglected29,49] Therefore, by measuring and @ asa function ofcs (osmolyte
concentration in mass/volume units), the type of preferential behavior can be determined
experimentallyj49,103,104]

However, caution must be taken when using equation 1.8 to analya® a

function of osmolyte concentration(s). Whénvs w® follows a nonlinear trend,
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multiple mathematical combinations of concentrati@pendenG; functions could
potentially lead to this behavior, and no information candrelusively inferred about

the difference @12 - Gz3) [103,104] Consequently, only the regiorhere® vs 0w

shows a linear dependence near 0 should be used to infeG(> - G23) and identify

the type of preferential interactions for a given protein andotote by assuming that

Gi2is constant within measurable uncertaisfé9,103,104] Additionally, equation 1.8

can only be used to analyze ternary solutions since an explicit and analogous expression
for mixtures with more than three components had not been reported prior to the present
work [59]. This is relevant to most protein solutions of practical interest, as they are
usually composed of four or more componergsy,( water, protein, buffer and
additional osmolytes such as carbohyesainorganic salts, and free amino acids). From
that perspective, it is important to obtain a generalized expression that allows one to
utilize the behavior ofo for multi-component (greater than ternary) solutions. It is also

of interest to test how well a pseutdwnary approximation works if one seeks to
effectively ignore the contributions from the buffer, such as is commonly done in many

biophysical chmistry contexts.

1.5 Static Light Scattering for Experimental Quantification of Protein-Protein
Interactions

Weak proteirprotein interactions and the resulting Adeal thermodynamic
properties can be characterized using static laser scattering (SLS) nresdare
[29,37] Here, light emitted from a laser source is passed through a protein sample with
a detetor located at a defined angle (usually 90°) to measure how much light is scattered
by the sample from the incoming laser be@®]. Using an osmotic system coupled

with previous theories developed by LdRadyleigh and EinsteirBlancoet al. showed

14



that the amount of scattered light scattered from any protein solution (in the form of
Rayleigh ratios) can be related to the fluctuations in the number of molecules inside the
subvolume created by the laser beam within the protatution [29]. These
contributions are additive, so one could, in principle, subtract ramyprotein
contribution to the Rayleigh ratio to obtain excess quantities that correspond to specific
proteininteractions in the solutioBy subtracting all contributions besides that of the
protein, one would obtain

Y Y Y ~. U 5

. . - O o 8 (1.9)
V] ) V)

In equation 1.9R** corresponds to the protein exc&syleigh ratioRoroteinand
Routrer cOrrespod to the Rayleigh ratios of the protein and the buffer solutions,
respectivelyK is an instrumental constant, allid, appiS the protein apparent molecular
mass. All other quantities were defined above. By aging R® as a function ot:>
(given the concentration of all other components is cons@Bstand Mw,app Can be
estimated assuming both quantities asrendependentand Bz, = -Gz, but this
analysis would only apply for dilute solutiofia3,29] AlthoughB22as a function of
solution conditions has been shown to correlate, in some cases, with changes in protein
solubility, protein solution viscosity, and protein stability, prior work has highlighted
that potein-protein interactions and corresponding solution-i@alities can change
gualitatively as one moves to high conditions[8,22,23,105] Here, one could use
equation 1.9 to estimat values if one knewWlw,app The canonical assumptidy a
Mw,appCan be used, and previous work has shown this approximation might be accurate
for mADb solutions and other large prote[28,29] However, one must be aware that
Mw,app Might significantly deviate fnm My, soa priori knowledge ofMw,app might be

requiredto accurately use equation 1.9 in such cases.
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1.6 Protein Interactions from Other Experimental Scattering Techniques

As mentioned in section 1.1, a variety of techniques can be used to mdéasured
andGgo, or surrogates of these. Dynartight scattering (DLS) can be used to measure
collective diffusion coefficients O0c) as a function ofc, [23,26,106] These
measurements camsed to calculatdiffusion interactionparameters (referred &s)

using the approximation
0O 0O p Qo (1.10)

Here,Dois equal taDcforc; Y 0 o/ values are surrogates Bf, where a linear
relationship is expected between the wgdollows[23]:

. , 1.11
Q b | (1.11)

Here,Uh is used to represent the hydrodynamic contributide snd is always positive
Despite this relationship, recent work has highlighted thamight change with
formulation conditiong23]. Consequently, unless a value fdris known, ko values

represena convolution between thermodynamic (in the forrBoj and hydrodynamic
(in the form ofly) contributions.

Small angle reutron and Xray scattering (SANS and SAXS, respectively) can
be usedo measure the structure facts function of scattering vector (represented as
S() vs g for any protein solution of interef1,81,107] Although there are notable
differences in the execution of these technigeeas, (SANS usually requiresydrogen
deuterium exchange to provide appropriate contrast while SAXS can be destforti
protein molecules for higntensty radiation exposure), both techniques have been

successfully used to measure structure fa¢@a381,77,81] 5q) is related togoo(r):

16



- L Ofl
YN p i

Qi pTUl Qi (1.12)

whereq is the scattering vector amgrepresents the protein concentratjén,81). For

qY 0, equati on 1+ G:2vig equatioe 1.4, ersd this evouldl be

equivalent to the results obtained from SUBfortunately,SqY 0) i s exper i men
challenging to measure as the regions of detector that correspand O directly

overlapwith the signal obtained from the radiation soB8%77,81] Additionally, the

complex and expensive experimental instrumentations required for SANS and SAXS

make these techniques inefficient for measu@agvalues in comparison to SLS.

1.7 Protein Unfolding and Aggregation

Protein unfolding is the process by which a nativelyddigrotein changes its
initial structure ¢onformation and forms additional structures that considerably differ
from its nativeconformation[16,31,108,109] This can be caused by several external
stresses such as high or low temperature and pH fluctuations, the addition of
destabilizing cosolutes (such as urea and guanm hydrochloride), and surface
interactions such as shaking and stirfit2,16,21,24,30,11A12]. Protein aggegation
is a multistep process where unfolded or partially unfolded protein molecules are
incorporated into more stable protein complexes formed by two or more protein
molecules, simply denoted as protein aggregdi®d13]. This can be caused by the
same stresses that induce protein unfolfildgl 13] Both processes are interrelated, as
unfolding has been identifiess a precursor for aggregatif@1i,24,114] Experimental
techniques such asreular dichroism, differential scanningcalorimetry, differential
scanning fluorescence andynamic light scattering, among bers can be used to

directly measure or infer changes due to protein unfolding and aggregation
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[16,30,31,115]However, those experimental techniques are performed at finite protein
concentrations, so it is experimentally challenging to decouple résulisfolding and
aggregatioras both might beobservedsimultaneously{23,30,116] To achieve this,
several ahogonal experiments must be performed to gain insights into the independent
contributions between protein unfolding, aggregation and interactions for small systems
(e.g, polypeptides)[16,23,30,31,58] Molecular scale simulations can be used to
efficiently define both processes, where one can easily identify the dominant protein
configuratons present during the simulation and how these might change based-on intra
and interprotein interactionf84,87,117,118]This could help to further understand the
relationship beteen unfolding, aggregation and weak protein interactions in protein

solutions, and provides an additional framework to analyze experimental measurements.

1.8 CoarseGrained Molecular Modeling for Protein Interactions, Unfolding and
Aggregation

1.8.1 CoarseGrained Molecular Models

Although an alatom description of proteins is ideal to understand the changes
in protein solution behavior caused by the mutation of specific amino acids within the
protein sequence, by changing the concentration of any compamegntpfotein,
counterions, or added mlutes) or by modifying the solution pH, this level of
description often requires the use of explicit solvent, counterion asdlete molecules
[65,67,80] Due to differences in time scales of the different phenomena that molecules
are subject to, athtom simulations must be performed by consideringltimuations
of smaller molecules (such as water), which would dominate the computational
demands of the simulatio418,119] Unfortunately, most macroscopic behaviors

(e.g, protein unfolding, aggregation and weak interactions) occur orders of magnitude
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slower than fluctuations of small moleculgsl8]. This would make most aditom
simulations inefficient or even intractable in comparison to the time needed to perform
equivalent experimental measurements. To address this inefficiency,-goarseg

has been increasingly e to model protein solutions as this decreases the
computational demands of a computer simulaf@?,66,67,118,120]Likewise, the
solvent molecules (including buffer, countens and cesolutes) are paranesized
during coarsayraining,leading to implicit solvent simulatior{62,66,67,120] Thisis

of greater need when calculati®@. values at higkc, conditions, because doing so
requires one to include many protein molecules in the same simulation to captwre multi
body correlations at elevated concentratig6$,68,121] This leads naturally to
considering a family of CG models, where one must acknowledge that there is no unique
choice for the level of coarggaining with which to treat a gimesystem.

This CG framework solves the inefficiency issues but might lack enough
molecular resolution to accurately capture packing behavior at high protein
concentrations andmino acidlevel perturbations (such as those cause by chemical
denaturation, pHitration or point mutations]j40,63,66] For instance, Figure 1.3
illustrates the large structural and chemical discrepancy bespbenical andtomistic
descriptions for a mAb molecule. To compensate for this discrepancy, spherical models
have been coupled with surface fApatchesbo
of a protein molecule to model protein interactions and olegaration[82,83,122]
Similarly, amino acidlevel description CG modelsuch as the 1bAA moddiave been
developedto model both weak protein interactions, and to simulate unfolding and
aggregation transitiongor a variety of proteing62,63,66,67,84] This level of

molecular resolution compensates for the lack of structural detail in sphericalsrabd
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the expense of longer computational tinj6%,84,120] However, most work in the
literature focuses on the viability of using CG models retrospectively to gain insight into
experimental resultse.g, by fitting analytical models to higte data. Little to no effort

has been invested on provitgtpotential for this type of molecular modeling to provide
accuraten silico predictiond12,118,123] Likewise, it is helpful to employ a systematic
approach by which to assess a range of different CG models, once one has decided on
the key experimental behav#oof interest for the model(s) to pred{é&3,67] To

achieve this, optimized computer algorithms are also a key to perform comprehensive

comparisons across CG models applied to a variety of protein molecules.

Spherical : Atomistic

Figure 1.3. Schematic representation of spherical atamisticdescriptias of a mAb
molecule.The atomistiaescription has been coloodedto highlight the
complex chemistry of the protein surface.
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1.8.2 Computer Algorithms for Predicting Protein-Protein Interactions
Several approaches can be taken to simulate quantities sBghaasl Goo. For
simple spherical models with symmetric interactions, analytical expressam be
numerically integrated using equation 1.1 for{oyconditions, as shown repeatedly in
the literature[79,124] However, more complex computer algorithms are needed to
efficiently enumerate asymmetric molecular structures and/or interactions, and for high
c2 conditions. Monte Carlo (MC) aneholeculardynamics (MD) simulations can be
used to eithecompute radial distribution functions that are later integrated such as in
equation 1.4, or to directly integrate interaction potentials such as those in equation 1.1
[125/ 128]. However, previous work has highlighted the skorhings of using the first
approachi(e., simulating radial distribution functions to compute properties as shown
in equation 1.4) as full convergenggr ) = 1) i s nmeeqrat@raed t o
G22 values[126]. In that context, Kofke and coworkers have developed computational
algorithms to efficiently comput82> and analogous twbody integrals such as in
equation 1.1129i 133]. Thisapproach is known as the Mayangpling(MS) algorithm
and it corresponds to an umbrella sampling method that allows one to caBapute
values based on a known reference (usually a-$@indre or a Lennatdbnes phere
fluid) [1297 133]. This approach has been previously used to simulate protein and
proteinlike structures at love: (i.e., only two-body interactions) and shown to provide
accurate estimates B$, values comparable to experimentally measured rd63l166]
However, the MS algorithm was never intended to provide results for equation
1.2 (.e.,, G22), so additional approaches are resbdlhis can be achieved by performing
simulations that provide the key quantities in equation 1.3. One example is the use of
isobaricisothermal ensembles to simulate values for the isothermal compressibility as

a function ofce, which can be used to contp G2 via equation 1.3134,135] Likewise,
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grand canonical Monte Carlo (GCMC) simulations can be used to obtain the quantitative
relation betweerg, andc,, which can also be used to comp@g via equation 1.3
[68,128,136] This connects naturally to excess Rayleigh scattering as shown in
equations 1.9. Finally, setfonsistency across different approaches can be achieved by
comparing simulate®,. values from MS and>2> values from GCMC simulations
under dilutecy, as both quantities are relatedcasonverges towards 0 g/L. Moreover,

both quantities can be obtained from SLS experiments.

1.8.3 Computer Algorithms for Modeling Protein Unfolding and Aggregation

To capture both the unfolding and aggregation of proteins in solution, MD
simulations are sometimes used to capture fluctuations in secondary, tertiary and
guaternary structures of the protei62,80,84,137] To efficiently sample the most

thermodynamicallyrelevant configurations, techniques such as thermal annealing are

used to avoid getting fAtrappedo in a si

landscapd128,13§. This relies on temperature steps that allow the simulated system
to explore additional configurations at elevated temperatures. Other techniques that rely
on the same principle have been proposed to increase sampling efficiency thus reducing
computatimd times. For instance, Replicakghangemolecular dynamics (REMD)
combines MD and MC approaches to provide efficient sampling to obtain the density
of states from the simulatid®4,139] This is achieved by simultaneously simulating
replicas of the same system at different temperatures-témperature conditions
generatethe most stablgminimum energy)configurations while highemperature
conditions prevent the simulation from becoming a small number of stable
configurations without exploring the larger energy and conformation space

[84,138,139] REMD relies on simultaneously running several simulations, and this can

22



considerably increase the computational time. Moreover, REMD can only erovid
information regarding equilibrium properties since the continuity of the system is
broken, so kinetic information is lost in the procd86,138 140]. Regular MD
simulations would be needed in thies case,
whenthe obtained results are not representative of the entire system but a dominant sub

set) is always presef0,138 140]. Despite its limitations, REMD provides enough
information about the transition between folded, unfolded and aggregated protein states,

so it becomes useful to identify the presence of folding intermediates that are
challenging to characterize experimentally, and that are often thought to be precursor to

non-native aggregation.

1.9 Organization of the Dissertation

This dissertation provides r@asonalyl general framework to quantify weak
proteinprotein, proteirwater and protektosolute interactions both computationally
and experimentally for mutomponent solutions. Additionally, it provides insights
into the potential of efficiently usgn CG models to predict proteprotein weak
interactions and unfolding behavior. The remainder of the dissertation is organized as
follows.

Chapter 2 presents a computational approach to select a proper CG model to
self-consistently capture both the exobad/olume and molecular volume of mAb
molecules from low to high protein concentrations. Seven molecular models (six CG
models and an alitom description) are explored to obtain an accurate model to
reasonably capture adtom resolution behavior withirceeptable computational times.

In particular, that chapter explores the stoannings of using CG models to simulate

high-co proteinprotein interactions, especially those arising from using spherical
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models to model mAb solutions. It also plaad®undon effective charge distributions
that are physically reasonable for stable protein solutions.

Chapter 3 investigates the viability of using lowmeasurements coupled with
CG molecular simulations to predict highproteinprotein interactions arisingdm
electrostatic and neelectrostatic contributiors. This is achieved for two mAb
molecules by combining models that accurately capture packing cotss{@vapter 2)
with simplified interactions across protein molecules. The results highlight thatyiabil
of this approach, as well as some stoomings for strongly attractive conditions.
Additionally, a framework to compute domailomain specific interactions is
developed based on potentials of mean force for the domains:rédighution CG
models arelao used to gain insights into the effects of the local charge distribution of
each mAb molecule on their experimerBal values.

Chapter 4 applies the framework developed in Chapter 3 to globular protein
solutions. A spherical model with embedded monepdipole and no#lectrostatic
interactions is used to predict highinteractions from lowc; interaction measurements
and molecular simulations. The results are discussed from the perspective -of short
rangednon-electrostati@and electrostatic interaohs, and the effects of pH titration on
the electrostatic behavior of the proteins in solution. Additional-regblution CG
simulations are used to illustrate the need for intermediate structural resolution when
the charge distribution of the molecuteaagiven pH is conducive of strong electrostatic
interactions.

Chapter 5 reexamines the preferential interaction framework developed by
Timasheff and cavorkers to experimentally quantify multomponent solutions. This

is applied to solutions of a glolaul protein and a mAb under dilute protein
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concentrationscg < 2 g/L) for a series of ionic and naonic cosolutes. A general
expression for the protein PSV is derived for arbitrarily complex roattiponent
solutions. Experimental results between terraary equivalent quaternary solutions are
discussed from the perspective of a gaasiary solution. The results also indicate-non
classical preferential interactions of sugar molecules with both proteinstoii
simulations are further used to provideeference framework for evaluating the -net
effect of proteincosolute and proteiwater interactions compared to excluded volume
contributions.

Chapter 6 focuses on the refinement of a figgolution CG molecular model
to predict unfolding transitionsof a series ofAla-rich peptides. The CG model is
refined using historical data of a setAd&-rich peptides and later validated with a new
experimental set of peptides. The results are evaluated based on: (1) the effects of single
point mutations in thermation of intermediate states and (2) the effects of chain length
on the conformational stability of the peptides. Additional simulations are used to
evaluate the effects of peptipeptide interactions in the conformational stability of the
peptides tgrovide better understand the link between protein unfolding andaibre
aggregation from an equilibrium thermodynamics stand point. The results indicate the
formation of unfolding intermediates for a series of polypeptides with stronger
hydrophobic iteractions. Finally, the results also show good agreement between
experimental and simulatéa, values ér some of the testesgquences. This highlight
the potential to predict unfolding thermodynamics of polypeptides usingd CG

molecular simulations en aggregation is not present at low temperatures.
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Chapter 2

SIMULATING MAB SOLUTIONS FROM LOW TO HIGH PROTEIN
CONCENTRATIONS USING COARSE-GRAINED MOLECULAR MODELS
WITH DIFFERENT STRUCTURAL RESOLUTIONS

2.1 Introduction

A key challenge in understanding prot@roteininteractions from a molecular
perspective is the varied length and time scales involved in the behavior of protein
molecules in solutiof62,66,77,84,141]This leads to convoluted contributions from
monomolecular eventse(g, unfolding, protein structure fluctuations) and multi
molecular eventsd.g, weak proteirprotein interactions) in the overall behavior of the
proteins in solution. This problem is further enhanced at high protein concentref)ons (
as multibody interactions can be affected by the crowding of the proteiaaulels in
solution[81,142 144]. Furthermore, experimentally characterizing highly concentrated
protein solutions can be challenging due to the large amount of protein material
required, in contrast to lowe, and current instrumental limif8,23]. Even with recent
advances in instrumentation for measuring viscosity, light scattering, and related
methods such as analytical ultracentrifugation, routine measurements of-protein
interactions athigh ¢ remains an outstanding challenf@. In some situations, a
relatively quick prediction of higls> behavior may be required (for example, due to a
change in therapéio dose or dosing paradigm) with only limited time and resources.
This is relevant as current experimental results highlight that pptetein

interactions and their corresponding solution-idealities can change qualitatively as
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one moves to higl, conditiong22,23,43,145]Therefore, there is an outstanding need

for comprehensive models to better understand predict higkc. protein solution
behavior while balancing the inherent computational burdens that accompatgnall
simulations (see sectisti.1and 1.§. In this regard, this chapter illustrates an approach

to develop an efficient yet reasonably @@te family of CG moleculascale models to
computeBz2and highc, proteinprotein interactions of a generic mAb solution that are
comparable with experimental results (see sections 1.3 and 1.5). This chapter addresses
mADb solutiors from a general persptve, with specific cases being treated in Chapter

3. Finally, ®me of the content in this chapter has been published or includgzear

reviewed journal146].

2.2 Methods

2.2.1 CoarseGrained Models

Six coarsegrained (CG) models and an-alom model were considered in this
chapter. Figure 2.shows a schematic of five of the CG models and theg@th model.
The other CG mael is a single sphere locatedtla¢ center of mass of the proteis
shown in Figure 1.3The TRIAD, HEXA and DODECA models (homenclature defined
in Figure 2.1 and belowyere developed in the present work to resemble the overall
shape of a mAb molecule, and used 3 (TRIAD), 6 (HEXA) or 12 (DODECA) beads per
protein. Linker segments between the Fab and Fc fragments are shown schematically in
Figure 2.1 for the TRIAD, HEXAand DODECA models. Rigidody distances, such
as distances between the center of mass of each bead, were selected by comparison with
existing crystal structure®BD: IGGY andLIGT, andreferencg147]), and the domain

and subdomain centeag-mass in those protein structures. Figure 2.2 shows illustrative
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schematic diagrams of the relevant distances and the locations of each unit for the
TRIAD and HEXA models. The two Fab units were treated identicatlyor the sake
of parity the FeFab distances were treated as equal for both fragments despite small

differences in published structures.

TRIAD DODECA

All-atom

Figure 2.1. lllustrative coarsegrained model depictions. Structures are semi
quantitatively shown to scale to show taeel of detail and anisotropy of
each model.

The 1bAA (onebead per amino acid) model is the same as the model by Blanco
et al., where each amino acid is treated as a single spherical bead located at the
geometrical center of each amino af®]. The 4bAA (fourbead per amino acid)
model is the same as the model by Bereau and Deserno, except that the protein chain

within each domain was not flexib]&2]. Similarly, each domain is a rigigody in the
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1bAA model. The 4bAA moel treats each amino acid as four independent spherical
beads, with one bead each for: the amide group; the alpha carbon; the carbonyl group,
and the side chain. The spherical, TRIAD, HEXA and DODECA models are meant to
represent the lower limits of moldeu detail. Conversely, the 1bAA and 4bAA models
represent a more detailed transition towards thatath representation, and provide a
direct comparison with previous work. Finally, the-atibm model was based on the

crystal structure by Padlgh47].

A)

Figure 2.2. Schematic diagrams of the TRIA®) and HEXA(B) models including
geometric constraints listed in Table 2The solid connectors between
Fab and Fc domains indicate the rigid Hablinkers liste in Table 2.1.

Table 2.1 lists the values of the distances between domains or subdomains
determined from the crystal structure for the TRIAD, HEXA and DODECA models,
with spheres centered roughly on the cenfemass of the corresponding chain(s) in

the crystal structures, as those positions were not exactly the same in different crystal
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structures. For the DODECA model, the Fab and Fc fragments were each modeled with
4 beads, two for each light or heavy chain subdormam /., Vx, C., C4l, Cx2 and

Ch3). The M-VH, VL-CH1, Vu-CHl and Gi1-CHl distances were the same in each Fab,
and the G2-Cx3, G42-Cn2 and ¢i3-Cn3 bead distances were the same for each heavy
chain, as shown in Table 2.1 and Figure [227]. This was done for the sake of
simplicity and as a first attempt to develop a DODECA model. Additional details of
how model parameters were selected or refined are given below, including the selection

of bead diameters, and choices for the average=Bb spacing.

Table2.1. Geometric parameters for TRIAD, HEXA, and DODECA models

Model Fc-Fab (nm) | FabFab (nm) | F-C1 (nm) | C2-C3 (nm) | Upead(nm)
TRIAD 8.3 9.2 - - 6.1 nm
HEXA 8.3 9.2 3.7 4.1 4.3 nm
DODECA | 8.3 9.2 3.5 4.0 3.5 nm

ADistance corresponds the equilibrium distancdR{) or rigid-body value
YEqual values for th&-Vy, Vi -Cul, Vu-Cul and Gi1-Cyl distancegor the DODECA model
"Equal values for th€2-C13, G42-Cx2 and Gi3-Cn3 distance$or the DODECA model

2.2.2 Steric Contributions

For calculating the steric contributions to protginotein interactions at low and
highc, the steric interactions were modeled with a classical$aindre (HS) potential
for each beafil48]:

r H:i:’] !Q’D ”
° M £®i 0Qi Q (2.1)

0 isthe interaction potential for the steric contributiom#ein equations 1.1 and 1.2,
rij represents the distance between the centers of beady, andy; is the average
diameter betwen thei-j pair, defined asij =¥4(Gi+ §). Interactions were treated in the

standard manner, as pairwigdditive to account for simultaneous interactions between
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multiple proteins at higle, [128,148] Different (; values were used for each model.
The allatom model used values proposed reference[149], including explicit
hydrogen atoms when available. For the 4bAA model, diameters were based on prior
work: 3.7 A for the alpha carbon bea&d5 A for the carbonyl group bead; 2.9 A for the
amide group bead; and 5 A for each side chain bead, with the exception of glycine,
which was not assigned a side chain bg&j84] The 1bAA model used the values
reported by Blancetal. (see Table 3.2)%66].

For the TRIAD, HEXA and DODECA models, each bead diametgsg in a
given model was given the same value, and the following refinement method was used
to obtain the particular numerical valuesatasfor a given model. The stermnly value
of the second osmotic virial coefficienB£ s7) was first determined for the atom
model using the Mayesampling withoverlapsampling method (see section 2.2.3). For
each of the TRIAD, HEXA, and DODECA models, the valudgfstwas computed
for a seris of equallyspacedsnead vValues until values were found that bracketed the
B22,stvalue from the atetom model. A simple linear interpolation of thg.advalues
was used to match the -@tom result. This procedure was iterated, as needed, until
B22,stfor the TRIAD, HEXA, or DODECA model and the -@tom model agreed within
at least three significant figures. This procedure was unnecessary for thespimgjle
model. In that casesspherewas simply scaled to match tBe» stvalue from the afl
atom $mulation based on the analytical result B stof a sphere

i
o
—06 (2.2)
C

The resultingsheadand sspherevalues for each of the CG models that were refined here
are given in Tables 2.1 and 2.Based on this approach, the excluded volume

contribution to proteifrprotein interactions in dilute solution for each of these models
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will necessarily be equal to the -alom model. Work in the literature has shown that
the 1bAA and 4bAA models ha®z> st values that are within a few percent ofatibm
models for globular proteins, but this has not been extended to monoclonal antibodies,

and is a new result reported in this dissertafiti).

Table 2.2 Effective hardsphere diametefi§) and molecular volumeria Bi2,s7) as
a function of molecular detail.

Model # Beads Uert (nM) V2 = 2B12,st(mL/g)
Spherical | 1 10.45 2.72

TRIAD 3 10.45 1.60 £+ 0.@

HEXA 6 10.45 1.27+0.00
DODECA | 12 10.45 1.168+ 0.004
1bAA 1340 10.61 £ 005 | 1.036% 0.002
4bAA 5360 10.46 £ 005 | 094+ 0.01
All-atom | 20460 | 10.45+005| 0.93+ 0.01

*Values were matched to thik-atom result.

2.2.3 Mayer Sampling with Overlap Sampling

For any of the models described above or in subsequent seBtigvalues were
calculated using the Maysampling (MS) method employing theserlap sampling
algorithm (MSOS) developed by Kofke and aowers[130i 132]. The MS algorithm
involves a biased sampling where configurations that do not contribute significantly to
B2z (i.e., W22 values near zero) are avoided. For anisotrogleoules and/or interaction
potentials, work elsewhere has illustrated that the location of the reference hard sphere,
as well as its size, were relevant to obtain an accBsatalue if a single sphere is used
as the referendé3,66,130 132]. Schultz and Kofke developed the MSOS algorithm in
part to address this dependeiitgl,132] In this work, it was found that although the

location of the reference hard sphere was irrelevant as long as it overlaid with some
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portion of the protein structure, its diametéj still influenced thed»» stvalues unless
one selected @ef value below 7 nm as shown in Figure 2.3. The MSOS approach also
provided improved efficiency compared to the MS counterpaminimum of 1§ MC
attempts were needed to obtain less tRaruhcertainty in the converged valueBa$ st
for models such as 1bAA or 4bAJ&3]. Converselyonly 1¢ MC attempts per MSOS
run were needed to reach the same level of accuracy as shown in Figure 2.4.

MSOS simulations were performed at constant temperature (298.15 K) ith 10
MC attempts for both the reference system and the model of interestd Bashe
discussion above, single hardsphere withler = 5 nm located at the center of mass of
a given mAb model was used as the refereBaeh MC attempt consisted of either a
translation or a rotation around the center of mashemolecule. Trarations were
performedby selecting a 3D vector from a uniform distribution to translate a randomly
selected molecule. Each component of this vecwr the x, y and z components) were
drawn from a uniform distribution betweethandd, for d representig the maximum
displacement obtained during equilibration (see beldt38]. Rotations were
performed using quaternins as explaied in referencg150]. The angle and axiof
rotation were drawn from a uniform distribution, where the maximum angle of rotation,
d was set during equilibration (see below). Since the integral in equationel,.B2p)
does not depend on the absolute coordinate system but only on the idikstance and
orientation between both interacting molecules, the center of the coordinate system was
located at the center of mass of one protein molecule, and the other molecule was rotated
and translated around the center. The maximum displacememtatidn angle were
obtained with a prequilibration step consisting of up to 30 cycles of AT attempts

to obtain an acceptance ratio of 50%. An initial maximum displacement and rotational
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angle ofd = 1 nm andd = 50°, respectively, were selected. At the end of each
equilibration cycle, the average acceptance ratio of the finishing cycle was compared
with the threshold (50% in the present workandd were decreased if the acceptance

ratio was below the thresld, or increased otherwi$£28,131]
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Figure 2.3. Effective hardsphere diameter as a function of the reference particle
diameter. Errors are smaller than the symbols.
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Figure 2.4. Relative uncertainty (uncertairiyverage) asa function of the number of

MC cycles for B2z st calculations of the 4bAA model using the MSOS
algorithm.
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The B2, stvalues for the spherical, TRIAD, HEXA and DODECA models were
scaled to match the altom results (see preceding subsecti@y.suchB2> stwas not
useful to distinguish the models further. The CG models were next compared in terms
of the steric contribution to the watprotein second osmotic virial coefficie;o s,
because that quantity plus the molecular shape are tedptr be key features that
determine how well proteins AWPA42KkAs i n mo
proteins are strongly solvated by water molecules, shaded nonelectrostatic
proteinprotein interactions often involve at least partial overlap between solvation
shells, and it is difficlt to completely remove the solvation layer except in the case of
strong, specific proteth i g a n din-kfelycdc kb i ndi n @4,57,161,2]act i on
ConsequentlyBi2,stis a reasonable estimate of the effective madércuwolume of a

protein in water. The mathematical definitionBab is:

g Agp — 0 CiQT.f?(hn ™ 5 i rgan 2.3)

which shows that the interaction potential is between arwaitecule (subscript 1) and

a proten molecule (subscript 2yvi> represents the potential of mean force between

water and protein molecule evaluated at inéiditution of both component®(g, only

one water and one protein molecudeeracting at angiven time).This focuses on the

excluded volume of a protein with respect to water, without treating the-lwaly
effects of correlations between hydration
is in analogy with how surface areas for pnagesre often estimat¢l53]. In equation

2.3, w2 is explicitly a function of the centg¢o-center distance between two protein
molecules K), their relative orientationg|¢ & ¢ 2) and the solution environmerkg is

Bol t zmann 0 sTisthe absdluée nempeeaturd.
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The value oBi12 stwas determined for a given protein model by using a single
i wa-s & £ e d-spheleavithch diameter of 3 A as component 1. In this case, the same
methodology foB22,stwas ajplied with a slight modification to the reference system.
For the protein at the center of the simulation box, the reference was the same as
described above. For the movipgotein particle, aii w a-6 & e leadddphere at the
center of mass of theoving potein particle was the natural choice as the reference
system. Consequently, these simulations returned vdBiesyBiost Bizst was
calculated by usinB.2 stvalues explained abovBtatistical uncertainties for simulated
B22,st and Bio,stvalues wee estimated by performing 5 independent simulations for
each model. The standard deviation was used as the estimate of statistical uncertainty,
including error propagation. For the spherical, TRIAD, HEXA and DODECA models,
a single CPU core was used teeente the MSOS algorithm. Parallel computing (up to
ten CPU cores) was used for the 1bAA, 4bAA anéhtdm simulations. Consequently,
in order to accurately compare CPU times, a calibration curve for the CPU time as a
function of the number of cores waltained from short simulations and all reported
values are based on extrapolation to a skgle simulation. Simulations were
executed using an Intel® Xeon® 2687Wv3 machine (3.1 GHz, &3t).
2.2.4 Short-Ranged Non-Electrostatic Attractions, Electrostatic Interactionsand

Hinge Flexibility

Shortrangel non-electrostatic attractions were modeled with a odified

LennardJones potential:

o PH T @O l— I— (2.4)

while dectrostatic integictions were modeled with a modified Yukawa potential
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"I&A goli (2.5)

6 is the shorrangel nonelectrostaticattraction potentialir is the strength of the
interaction,6  is the electrostatic potentiaj, andq; are the valences (also denoted as
charges in the remainder of this chapter) of beadljr e s p e ¢ bis theesdregning 1 U
length, andJwas used as a scaling factor for anp acount for the difference between
theoretical and effective charges in soluti®d,154 158]. Uis used in the present
chapter instead ofi (see Chapters-8) to highlight the use of a different mathematical
equation to represent charglearge interactions in this chapter. values were kept
constant for eachdad for a given model and a given round of simulations.

In the case of mAbs, changes in FabFab angles are more pronounced than
fluctuations in Fadc distance§34,107,159162. Consequently, the flexibility of the

hinge region was impartada a simple harmoifunction:
0 QY Y (2.6)

where ¢ is the flexible potentialks represents an effective spring constahts the
distance between theenters of mass of the two Fab units, &aglis the equilibrium
distance. Equilibrium distances corresponded to representative values of the distances
between Fab centecs-mass found in published mAb crystal structures, which
corresponds to an averagabFc-Fab angle of 68°. An additional constraint was also
imposed: the distance between the center of mass of each pair of Fab and Fc-units (Fc
Fab) was always constant (see Table XMalues of O (fully flexible), 1, 10 and 100
ksT/nm? were used. Wit the additional constraint,kavalue of O kT/nn? allowed a
uniform distribution of angles between 44° (Hadib steric overlapping) and 180° while

a value of 1 KT/nn? allowed a Gaussian distribution of angles between 50° and 90°, a
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value of 10 kT/nn? between 60° and 76°, and a value of 1g0/Rn? between 66° and

70° atT = 298.15 K This approach is intended to roughly assess the effect of a simple
flexible model on the higle, behavior of mAb solutionfl07,160 162]. This allows

for extreme cases whetlge FabFc-Fab angle is even greater than those reported in the
literature that may approach values as large ast6Qprovide the most conservative
estimates of whether hinge flexibility might influence measurable light scattering
(osmotic compressibil) values[34,107,147,150164]. Finally, the potential of mean

force was a linear combination of each of the contributions
0 0] 0 o} 0 2.7)

where the summations run over indideandj that denote the beads or atoms on
neighboring proteins. Only two protein molecules at a time were used in each MSOS

simulation.

2.2.5 Transition Matrix Monte Carlo Simulations and Calculated Excess
Rayleigh Scattering

Transitionmatrix Monte Carlo (TMMC) is a biased MC sampling algorithm
where the probability () of the number of protein moleculds], denoted a&}(N>),
can be computed by reconstructing a traosiprobability matrix in a grandanonical
ensemble. TMMC efficiently provides the protein concentration (or number density) as
a functionof protein chemical potentif8,92,165,166]That quantity is used here to
predict excess Rayleigh scattering behavior by evalu&@inaghrough thesimulated
osmotic compressibility using histogram reweighting techniques (see equation 1.3)
[68,136,165168]. The distributionrd(N2) can be calculated for an arbitrary choice of

protein chemical potentiaia
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11 0s 1 0s 0 (2.8)

weree: is the desired protein chemical potential ant the protein chemical potealt

used to simulate a referené#(N>). The average values df> (i.e, the protein
concentration) an.. then follow fromd(N2) for a given value ot> and applying
either form of equation 1. 3. The subscri
simulated particles correspond to the protein in an implicit solvent.

The methodology proposed by Errington was used for the TMMC simulations,
with an initial uniform distribution fo#(N2) and subsequent updates at the end of each
cycle, with each cycle being fileed as 1O0MC attemptg68]. An MC attempt consisted
of randomly selecting one of the following for a given protein: a +igidy rotation, a
translation, a vibration (due to the hinge flexibility), or a molecule insertion etiacie!
Rotations and translations were performed as explained in section 2.2.3. Molecule
insertions and deletions were perform using the methodology explained by Frenkel and
Smit[128]. Regular movements (translation, rotations and vibrations) represented 30%
of the total movements while deletions and insertions represented the other 70%.
Temperature was kept constan88.15 K. Preliminary simulations were used to find
an adequate reference protein chemical potential value depending on the choice of
model parameters and CG model. A box length of up to 120 nm was used and the
simulation box was started with an emptgteyn. The final scaldd®/K andS;=o values
were obtained by using equation 1.9 witMa value of 146.5 kDa and assuming that
Mw,appandMy are equal23,29] Statistical uncertainties were estimated by perfiog
3 independent simulations, and were found to be less than 2% %or hore MC
cycles, therefore all simulations consisted of at least®3Mcycles Additionally, the

CPU time was recorded once the simulation had reached at least 80% flat gamplin
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terms of the visitegtates histogram, and only the maximum observed CPU time was

reported when comparing computational burdens between different models.

2.2.6 ParameterMapping

To evaluate the sensitivity of the different parameters describing protaein
interactions at low and higtp, the following methodology was applied. Initially, the
effect of the shortangednon-electrostaticattraction strength(§g) was studied by
computingB2 at different values df§rfor the spherical RIAD, HEXA and DOCECA
models. The parameters of the 1bAA, 4bAA anehtdim models were not evaluated as
those were set previously at lay and the models are computationally intractable at
high c.. Values of (3 that returnedphysically realisticBz, values were used in
calculations to then evaluate the effect of the charge distribution in each CG model. In
this caseB2> was computed as a function of two parameters: (1) the charge of the
variable region of an IgG1 molecul®Hn for TRIADS, Qrv for HEXAs, andQv+ and
QuL for DODECAS); (2) the ratio of the effective net charge in solution and the
t heoretical net charge (U), where the net
the CG model. The theoretical net chargerf for a given pH value was calculated
basedon one of the available mAb sequences (PDB: 1IGT), and a target pH value of 5
was selected for illustrative purposes. When calculating charge values for each bead for
use in equation 2.5, the charge based on sequence (and pH) was sdalethizh
deternines the ratio of the effective charges in solutierg{ due to ion clustering
[154,156,158] and the theoretical charges obtained from the sequence alone (see
below). This approach was used because mAb sequences are highly conserved except
for the variable regions. As such, only the charge on the variable region isadgsen

arbitrary unless one decides to chemically modify the conserved domains. In addition,
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the net charge on a protein is a function of not only its amino acid sequence and the pH,
but also the ionic environmente.g, chemical identity and concentratioof
counterions). The simplest approach to account for the difference between the true net
charge in solutionZesr) and the theoretical net chargkng), is to assume any specHic

ion effects are proportional to the local surface charge and theZefer&) #r. Surface
response plots dz2 vs Qnry andUare reported below, whejeepresents the location
(domain) for the charge. Finall2> values were normalized b§.2,st and model
parameters corresponding to selected valuBsAB,> stwere usedo evaluate the high

c2 behavior of a given model.

2.2.7 Theoretical Charge Distribution

Theoretical charges were calculated using the standard Henditaisealbkch
equation[169]. The total charge was then computed as the sum of the independent
charges. For illustrative purposes, the PDB 1IGT IgG1l molecule was used. For the
TRIAD, HEXA and DODECA models, theequences were partitioned into equal
chairtlength units to compute the charge of each bead. For the TRIAD model
calculations, the Fab fragments were composed of the upper half of the heavy chain
(residues 2234) and the light chainrdsidues 4214), whike the Fc fragmenwas
composed of the twdower-halves of the heavy chainse§idues 244174), which
excludes the hinge region. For the HEXA model calculations, thdomain was
composed of the upper half of the light chaes{dues 4107) and the uppeaarter of
the heavy chairrésidues 1118); the C1 domain was composed of the lower half of the
light chain (esidues 10214) and the second quarter of the heavy chiasidues 119
234); the C2 domain was composed of residues3®¥4of each heavy chaiand the

C3 domain was composedtbklast quarter of each of the heavy chamesidues 358
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474). Finally, for the DODECA model calculations, the heavy chains were portioned

into four units (esidues 1118, 119234, 244357 and 358174) and the light ains into

two units (esidues 4107 and 10814) for a total of 12 beads, each with its respective

charge. The numerical charge values are shown in Table 2.3 for pH 5 and 7. For all three

cases, charges were placed at the geometric center of each bead.

Table 2.3 Theoretical charges for the TRIAD, HEXA and DODECA models at pH
5.0 and 7.0 for an 1gG1. The theoretical net charge at pH 5 and pH 7 are
40.8 and 10.2, respectively, for PDB: 1IGT

Model pH Q1 Q2 Qs Q4 Qs Qs
. 50 12.3 16.2 - - - -
TRIADA
7.0 45 1.2 - - - -
i} 52 2.9 9.4 10.4 5.8 - -
HEXAY
7.0 0.1 4.4 2.6 -1.4 - -
) 50 0.9 3.0 2.0 6.4 52 2.9
DODECA
7.0 0 0.2 0.1 4.2 1.3 -0.7
Al=Fab, 2=k

¥1= R, 2=C1, 3=C2, 4=C3

"1=V, 2=G, 3=Vy, 4=G41, 5=G:2, 6=G:3

2.3 Steric Contributions to Protein-Protein Interactions via Bi2 and Ba22

From liquidstate theory, it is well established that steric interactiomes (

Apacking

constraintso)

ar e

a

key

aspect

[59,96,142,144]Therebre, model comparison and refinements started with considering

steric proteirprotein interactions at dilute conditions, and then extending to

concentrated systems. For dilute solutions, it was computationally tractable to consider

all models in Figure 2.for refining the models to accurately capture steric repulsions,
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while for more concentrated systems a subset of models was considered in order to
maintain reasonable computational times.

As noted in the previous sections, the models that were newdoged here
(i.e, TRIAD, HEXA and DODECA) each had a single characteristic dimensigad(
for their beads or spheres. The previously developed madglslpAA, 4bAA and aH
atom) had different sets of bead or atom sizes that were set elsdéh&@, 84]
Considering those previous neld first, Table 2.2 lists the value of the effective hard
sphere diameteil§) obtained from equation 2.2 using the simuldBegsrvalues as
inputs to Figure 2.2 for the 1bAA, 4bAA and-atlom models. The results show that the
4bAA and altatom Cer values are equivalent within 0.1%. The 1bAA value is 1.5%
larger than the blatom value, which results in 4.6% highg2p, stfor the 1bAA model
when compared with the atom model. If needed, this could be addressed easily by
slightly reweighting the bead sizes from the original 1bAA m&@®&é! Those results
Table 2.2 are consistent with previous findings obtained by Grinbetrgér where
1bAA and 4bAA models showed minor differences fon&b molecule, although the
previous work did not include the comparison to aratdim model for a mAb that is
included herg63].

B22,stwas matched to the atom value when setting the valuesataqfor the
characteristic bead diameter in each CG mAb model that was introduced here. This
assured that the different models have the same excladietie in dilute conditions,
and therefore would produce the same reference stat®.fdor conparison with
experimental dataUsing the resulting model parameters, the valueBofst was
calculated as means to estimate the hydrated molecular volureadio modelTo a

first approximation, the hydrated protein volume is equaBp 2 B12 s, along with
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the protein geometry, are additional important quantities to assure that the CG proteins
will pack at highco in a way that reasonably captures radlaatom structures pack when
solvent is presen96,142] Assuring thatBzz,st and Bi2 st both mimic the alatom

values for these mAbke molecule geometries was used as a strategy to form a model
framework in which lowc, and highc, interactions are captured selbnsistently in

later calculatins that include more than just steric interactions.

Figure 2.5A shows thB12 stvalues (main panel) and the corresponding CPU
times (inset) as a logarithmic function of the number of beads per model. The results for
B12,stshow an asymptotic behavior e level of coarsgraining or structural detail
appoaches the atomistic structurdowever, the computational burden increases
dramatically (powetaw behavior) as one increases the level of structural complexity.
No significant difference (less than3-%) was observed between theatthm, 4bAA
and 1bAA models foBi2,st. In contrast, the spherical model overestim&@ess by
almost a factor of 3. AB12,sTiS a representation of the effective volume occupied by a
single protein in solution, thesestdts imply that spherical models of mAbs that
accurately capture lov behavior in terms dB22 will grossly overestimate the protein
volume that is relevant at highwh er e excl uded vol ume HAshel]l
moleculeswill overlap simultaneosly. The agreement betwedh, st for the CG
models and the alitom structure improve greatly as one adopts a-fid&bgeometry
and increases the number of beads per protein. The results in Figure 2.5A illustrate a
compromise between computational costd moleculaiscale structurdf one adopts
a HEXA or DODECA representatiofBi2,stis within ~20 % of the alatom value.
However, the computational burden for even these dilute calculations is smaller by at

least 5 orders of magnitude, compared to thatam results.

44



>
N
=]
'

1.4 n o~ 10’ All-atom = 0.5
Spherical g 10° ) 5 g’b}
g 1bAA = g &
1.2 E . S 0.4 ¥
5 © Molecular detail *
?D E 101 .DODECA E olecular detai
= 1.0 c  "HEXA ‘o 0.3
g 10" “TRIAD =)
' L
Gogl THAD 10° 10" 10° 10° 10° 10° % 0.2
g CG-beads >
;@ HEXA 4
0.6 - Ty £ 0.1
DODECA B 4bAA  All-atom &
| | "] EE
0.4 T T T T T 0.0 T T T |
10° 10" 10° 10° 10* 10° 0 50 100 150 200
CG-beads Protein concentration (g/L)

Figure 2.5. Panel A:Bi12,stand CPU time (inset) as a function of coagsaining detalil
for 10° MC cycles. Panel B: effective volume fractionvs protein
concentration as a function of coagaining molecular detail using
2B1> stas the scatig factor. Labels follow the trend in panel A.

In molecular simulations, it is natural to express concentrations in terms of
volume fractiongd, defined as the physical volume occupied by the molecules divided
by the volume of the systeng = Navo/V, whee N> denota the number of proteins in
the system volumeV]), andvz is the molecular volume of a single prot¢ir28]. The
experimentally measured mass concentrations (mass/vol) can be calculated easily from
d if one knowsv, (or an estimate) and the protein molecular weight. In this regard, the
values 0f2B12 st (set equal tan) provide a natural scaling unit for a given model, as
they represent an estimate of the physical volume occupied by the hydraésal (hhe
factor of 2 arises simply by the formal definitionBib, see equation 2.3). Figure 2.5B
shows the effect of molecular detail @r(in g/L) calculated frong using2Bi12 stas the
scaling factor. This shows that using legsolution CG models isimulations or

calculations based on equations of state for spherical models will result in significant
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underestimation of the experimentathat corresponds to a given simulated state point,
and that error is most pronounced for the spherical model.

The results in Figure 2.5A are only for a simpiandependent algorithm like
the MSOS, so it could be expected that moving to-sigdimulations would result in
even greater computational burdens for the higasolution structures. As such, unless
behavors that require strong and specific interactions at the amino acid level are
essential, the 1bAA, 4bAA, and &tom models are likely far too computationally
burdensome to be practical for moving to hagghOn the other hand, the spherical and
TRIAD models showed such large deviations with respect to thetath results that
the HEXA and DODECA models may offer an optimum traffe between
computational cost and quantitative accuracyeealuating the higle> behavior of

these models. That will be risited in Chapter 3.

2.4 Steric Interactions at Elevated Protein Concentratiors

High-c2 behavior was studied by simulating excess Rayleigh scattering profiles
based on the osmotic compressibility determined from TMMC simulations for each of
the spherical, TRIB®, HEXA and DODECA models. Initially, the TRIAD, HEXA, and
DODECA models were simulated as rigid bodies, so no hinge flexibility was included
during the samplingkf{ was effectively infinite). Figure 2.6 shows the results of the
maximum observed CPU tims a function of moleculatetail. Although the CPU time
was expected to scale witl, wheren denotes the number of beadseachmodel,
Figure 2.6 shows a correlation closentd. This might be due to the coupling between
the increased number of beaflsy’) and the more complex enertandscape or
geometric complexity for the steranly version of the modelfecause ofhe higher

molecular detail and increased that resits in multi-body interactionsA similar
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correlation can be expected foore complicated CG models, as the results showed a
consistent scaling when moving from the simple spherical to the DODECA model.
Consequently, the use of more complex CG models, such as the 1bAA, 4bAA, or all
atom models, would make this approach companatly inefficient and practically
intractable in most cases. Presumably, this scaling can be at least slightly decreased by
including optimizedsamplingmethods such as neighbor lists and configurational bias
algorithms[61,170] However, once one adds attractions and-i@mged interactions

to the modelsthe computational burdens for simulating highprotein solutions will

require a large tradeff between structural detail and computatibcost.
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Figure 2.6. CPU time for TMMC simulations as a function of the level of coarse
graining. A flat histogram convergence of 80% was used as a metric for
similar convergence between TMMC simulations with different CG
models over the same range of pro@ncentrations.

S=0 as a function of volume fractiod)(was obtained by applying equations 1.3

and 1.9 to the simulatdd(N>) distributions, and is shown in Figure 2.7A from Idwo
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the highest value for which the TMMC nsulations reasonably convergethis
represents an unambiguous form of plotting thé-aigoehavior, as both variables are
dimensionless and independent of any reference state. Both forms of equation 1.3 were
tested to calculat&,,, and no differences between the approaches were found if small
steps of c¢ he ajiweralsedgonrpeta the isothernfalppompressibility.
Large differences were observed between the spherical model and the DODECA or
HEXA model (for example&=o is threetimes larger for spheres than DODECASs or
HEXAs atd = 0.1), with the TRIAD model showing an intesdiate behavior between
spheres and DODECAs or HEXAs. The resuliggesthat the packing behavior of
spheres and DODECAs or HEXAs differs considerably, while the HEXA and
DODECA models are essentially indistinguishable in terms of sterics based on the
scattering behavior or static structure factor (Figure 2.7A).

To test whethr one can effectively rescafig-o vsd profiles, the dimensionless
values from the »axis of Figure 2.7A were rescaled to dimensional concentration units
using theBi2,stvalues shown in Table 2.2, and the results are shown in Figure 2.7B.
Interestingly, all th&g;=o results seem to collapsato similar curves for at least |law,
once each mo @Bkt ssedas thesealing factoe. However, one needs
to recall that the reportdsh> stvalues were obtained at a forced consBpkrvalue,
so the lowc, regime of figure 2.7B @&cessarily must collapse tora common curve
because the slope &f-0vsc2 equals-2B22,stin that limit. As such, the results in Figure
2.7B confirm that the TMMC simulations are internally consistent with the MSOS
simulations. Consequently, the diffategphysical behavior observed in figure 2.7A is
Acorrectedo Buysrvaldesobtaimed undeuthesame steric interactions.

This indicates that results from spherical models can be numerically adjusted to mimic
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behavior obtained from more mAixe models, but at the expense of an incorrect

molecular volume and molecular shape.
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Figure 2.7. SimulatedS;=0 as a function of volume fractiorg (panel A) or protein
concentrationd, panel B) after rescaling as described in the main text, for
the spherical (solid black), TRIAD (dashed red), HEXA (dotted blue) and
DODECA (daskdotted green) models with stewaly interactions. Inset
in panel Bcorresponds to the excess Raleigh nagijoroteinconcentration

To relate back to experimental excess Rayleigh scattering profiles, the inset in
Figure 2.7B shows values &  v2s These curves reproduce key qualitative
experimental features undapulsive conditions: linear behavior at layy downward
curvature at higherc;, and a turnover (maximunR®<¥) at sufficiently highcz
[23,105,171] The quantitative scales of the gnd xaxes also agree with typical
experimentally measured values for mAb molec({@35105,171] The irset in Figure
2.7B shows that no clear differences can be observed below the turnover concentration,
mainly as a result of equ&h> st and My values noted above, and that this turnover

occurs around 60 g/L for the four models. However, a 60 g/L condentcftspheres
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corresponds to 15% v/v, while the same concentration for DODECAs correspond
6.5% v/vas Figures 2.5B and 2.7A shoidditional radial distribution functions of
spherical and anisotropic stepaly models showed very different behaviohah c>
(seereference[23]), indicating large differences in packing behavior as discussed
above.This suggests that simulations of mAb molecules based on spherical models
might return values thaeem to correlate with experimental measurements but lack a
reasonable structural behavior of true mAbs in solution, and this will limit their utility
as predictive models of higt behavior. This is also consistent with reports where
spherical models hav failed to accurately capture the high behavior of
physicochemical properties and intermolecular interactions of mAb soly28r&7].
Finally, all of the above shortcomings for stesitly mocels are expected to be further
exacerbated once one includes fumiform charge distributions and/or shoahged
nonelectrostatiattractions. This follows because the packing and location of charges
and attractive domains is expected to be importahight c,, when proteins interact
simultaneously with multiple neighboring proteins.

As noted earlier, the computational time of progressing from the HEXA model
to the DODECA model was considerablee(, scaling withn®#. The same can be
expected when nuing from the DODECA model to a more structurally detailed CG
model. Consequently, if computational efficiency is considered, improvements from the
HEXA model to the DODECA model and to more complex models might become
unnecessary if onlyB, and Gz or S0 values are targeted. Based on these
considerations, it is proposed that an optimum tradeoff between efficiency and accuracy
may be found by further refining CG models that build on a HEXA or DODECA

representation, and that reasoning informs most afxhenples below.
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2.5 Contributions from Hinge Flexibility, Short-Ranged Non-Electrostatic
Attractions and Electrostatic Interactions

A flexible hinge is expected to provide easier packing for highly anisotropic
models. Consequently, the effect of the hingeilflidity was first evaluated for the
predicted scattering and osmotic compressibility behavior with stahcinteractions
for the TRIAD and HEXA models. Figure 2.8A shows that a flexible hinge does not
significantly affect the osmotic compressibility laefor within the tested, range for
the TRIAD model, including the low. range that is relevant fdd,. results. Figure
2.8B shows very small differences in the simul&@edandR®/K profiles for the HEXA
model as a function of flexibility for simuladl c; values, and the turnover location is
not affected even when the hinge region is so flexible that the Fab domains can move
completely unimpeded around the Fc domaie. (ki = 0). For both models, these
differences became more relevant for valuesval10 g/L, suggesting that packing
may be significantly affected by the flexible hinge at much highebut it is
indistinguishable up to the threshold concentration used here if one is focused on the
osmotic compressibility or related quantities. Howetlee reader should be aware that
this might not hold fosmall angle scattering measurements where more structural and
spatial information can be obtained (see also Chaptand 7 [34,81].

For shortrangel non-electrostatiattractions, the strength of the attraci@s
well astherange potentially plays a role in teelutionbehavior of b solutions, and
this might also be affected by the hinge flexibility. Therefore, the effect of the strength
of a shortrangednon-electrostaticattractive potential was tested for the spherical,
TRIAD, HEXA and DODECA models. Figure 2.9A shows the restdr calculated
B22/B22,sTvalues as a function of the strength of attraction. One observé®iiab st

depends weakly on the strength of the interaction potential (well depth) at low values of
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&R, but depends strongly a®r at higher values. At sfi€iently high esr values,B22
decreases dramatically towards large negative values. Additionally, this dowridgsn in
values occurs at smallesrvalues as the number of beads in the model increases. This
agrees with previously reportd&}. valuesof arange of CG models and is consistent
with general statisticainechanicalarguments for shoranged, anisotropic attractive

interactiongd63,66,89,92]
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Figure 2.8. Effect of the hinge flexibility on the simulated SLS behavior from low to
high c> with stericonly interactions for the (A) TRIAD and (B) HEXA
models. Results are shown for sprcanstant k) values for the Fabab
distance that span from infinitely flexiblé& = O, daskdotted green), to
increasingly more rigid structurek: = 1 (dotted blue)ks = 10 (dashed
red),ks = 100 (solid black).

Experimental values d22/B22 stbetween the extremes-df0 and 10 haebeen
reported in the literature for a wide range of protein solutions, including mAb solutions,
although some methods report values that are only surrogates Bfor
[17,23,25,29,89,925trongly attractive condition®$2/B22 stvalues appraching-5 to

-10) typically result in physically unstable solutions due to irreversible or reversible
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protein aggregation for a wide range of protej@8,50,79,105,172]1t has been
observed thaB»2/B22 stvalues converge towards a value betweerand 0 for mAb
solutions at high total ionic strength (~ 300 mM) before highly-ideal salt effects
become important andolutions become unstable at large negative valueB,of
[23,105,171] Under those conditions, electrostatic interactions are effectively screened,
and attractions are expected to be caused by hydrophobic interactions and van der Waals
forceg[105]. B22/B22,stvalues in the range et to O are obtained with the presenodels

for brvalues between 1.3%K and 2 kT for the TRIAD model, 1.2 &T and 1.5 kT

for the HEXA model, and 0.5/ and 0.7 kKT for the DODECA model.
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Figure 2.9. Panel A: B22/B22 stas a function of the sherangel attraction parameter
G for spheregblack solid line), TRIADs (red dotted line), HEXAs (blue
dashed line) and DODECAs (green dashetted line) Panel B: effect of
the hinge flexibility as a function @k for the TRIAD model fol$r= 1.5
keT. Lines represent values kf= 0 (green), Iblue), 10 (red) and 100
(black).

A value of 1.5 kT was used to illustrate the effect of hinge flexibility at hegh

for the TRIAD model with added sheringel nonelectrostatiattractions as shown in
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Figure 2.9B. The added attractions produced skghtferentS;=o values for a givem;

than the sterionly behavior in Figure 2.8. The inset to Figure 2.9B sheW%®& values

are slightly but visibly higher at the highestvalues in comparison with the steoaly
behavior. Interestingly, the flexibility of the hinge caused no significant differences in
the osmotic compressibility(g, S=0 andR®/K) values forc, < 140 g/L, in agreement
with the sterieonly behavior in Figure 2.8. This suggests that the added flexibility does
not considerably affect the overall packing behavior even at those eleyatdushort
ranged attractions present. However, the CPUstivere much larger for lowér(more
flexible) models.This motivated simplifying the models to neglect hinge flexibility in
what follows below, where additional interactions are included. In the case of the HEXA
and more complicated CG models, the hifiggibility might still show a relevant
effect, but the extension of that analysis to other CG models and to more spatially
detailed results (such asall angle scattering) was beyond of the scope of the present
work and will be discussed in Chag@rard 7.

The effect of adding sherangal non-electrostaticattractions coupled with
electrostatic interactions was then evaluated for the TRIAD, HEXA and DODECA
models, as those models have a sufficiently small set of parameters that it was practical
to perbrm a reasonably global parameter search. In what follows, the effects of the
model parameters for chargharge interactions are determined primarily for-@w
conditions. This is done becauseost experimental reports provide quantiveti
scattering results to compare against at onlydpwonditions. Effects of electrostatics
on highc, behavior are provided only for illustration purposes, as a detailed
investigation of electrostatic interactions at haggtwill be provided in ChapteB that

builds from the model foundations set here.
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In calculations that included electrostatic interactions, the modified Yukawa
model was used with charges located at the center of each bead. Since both Fab
fragments are chemically identical, the TRIAD aeb only has two different charge
values: one for the Fc and an equal charge for each Fab bead. Similarly, the HEXA
model has four charge values following that representation, while the DODECA has six
charge values. As a result, a rigid TRIAD model witkriss, shorrangednon
electrostatic attractions and screened electrostatic interactions has five model
parametersi$r, U o, Qrc, Qran The latter two will depend on the pH and protein
sequence and any territorial counterions, while the inverse sagdength (.e., 9) is a
function of pH and buffer salt type/concentratjaf4,156] A rigid HEXA model adds
two additional parameters for a total of sevié®; U, o, Qrv, Qc1, Qc2andQcs, while a
rigid DODECA adds two more for a total of nifgg, U 8, Qu, Qct, QuH, Qcri, Qcrz
andQcHs. Although additonal details can possibly be added to model the sanged
non-electrostaticattractions and electrostatic contribution, such as diffdégntalues
or dipoles for different domains, the present models already provide a relatively large
parameter spader mapping the global model behavior. Therefore an approach based
on experimental observations and general theoretical considerations was used to assess
the parameter space in which these models would produce physically realistic
behaviors, similar to whavas done previously for globular proteins in the absence of
electrostatic interactior{§3].

It was discussed above how to obtaimvalues that would return experimentally
reasonable observations &b2/B2,st, and a similar approach was taken for the
remaining parameters.is related to the total ionic strength of the solutidiS) via

TIS= 92.422%, whereTISis given in mM units and in nnT?, which assumes any salt
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behaves as a 1:1 electrolyte in water at 298.15148]. TIS affects electrostatic
interactionsvia charge screening, and helps nediate the balance between short
rangedhon-electrostati@ttractions and electrostatic interactions. As an example, Figure
2.10 shows predicted values Bf/B2> stfor a model 1IgG1 at pH 5 using the HEXA
model, with the charges shown in Table 2.3 wvith &1 and 1 dér the purpose of

illustration.

e L L L T T T T T
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Figure 2.10.B22/B22.stas a function oTI1Sfor the HEXA model witHr=0 (solid line)
and 2 kT (dashed line), and for charges in Table 2.3 at pH 5 Withl
(black) and 0.1 (grey).

As expected, the resultsmh that($ris more relevant at highl'S, where charges
are highly screened. At loWS, the electrostatic contributions are the dominating effect
unless the pH is such that the net charges on each domain are relatively small (close to
theisoelectric poit). Thus, if(r ande are known or assumed, then three degrees of
freedom ([, Qrc andQrar) would be left for the TRIAD model, and similarly five degrees

of freedom { Qrv, Qc1, Qc2 andQc3) for the HEXA model, and sevet),(Qui, Qct,
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QuH, Qch1, QcHz andQchz) for the DODECA model. In this context, one can evaluate
the effect on predicteB,; of different charge distributiorss a method to map out the
parameter space that might result in experimentally tractable values. As the variable
region of a familyof mAD is typically the only engineered or modified portion between
two different sequences, or¥tanfor the TRIAD modelQry for the HEXA model, and

QvL andQvn for the DODECA model were considered as variable parameters in what
follows for illustrative results assuming the constant domains were as shown in Table
2.3. Theoretical charges can be obtained from the sequence and pltaanbe used

as a scaling factor to correct for any territorial counteridrig},156] This would
produceBz; as a functionJ and any modified charge.g, from point mutatios or
chemical degradation of charged residues) to study the effect of electrostatic phenomena
in the solution behavior.

Figure 2.11 shows an example of a three dimensional surface plot of calculated
B22/B22 sTversus a range of realistic model paramédtarthe TRIAD (panel A), HEXA
(panel B) and DODECA (panels @nd D) models at lowTIS where electrostatic
interactions are important for determining osmotic virial coefficient validgsvas set
to: 1.85 kT for the TRIAD model; 1 KT for the HEXA model; and 0.85K for the
DODECA model. These particular values g were selected because they resulted in
a B2o/Boo stvalue of-0.5 for each respective mod@B]. The theoretical charges were
obtained from assuming pH = 5, typical of solution formulations of therapeutic
antibodies while avoiding fractional charges on acidic amino acids for the calculations,
(see Table 2.3), andsimg the sequence and structure from the 1IGT PIDR3] Uis
a scaling factor that represents a deviation fronelpuneanfield models of screening

with no specifieion effects i.e., U= 1).
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Figure 2.10 illustrates that if one increagsfor a given charge distribution,
this will simply shift the results in Figure 2.11 uniformly to less positive or more
negativevalues ofBz2. Similarly, increasingTIS or decreasind) will bring Bz2/Baz st
closer to values in Figure 2.9A€.,, dominated by the sherangednon-electrostatic
attractiors), as any chargeharge interaction will be screened out and those
contributims to the potential of mean force would be negligible. In Figure 2.11 (all
panels), it is notable that the decay towards more negative (attr&#E)p stvalues
(yellow and white regions) occurs within a rather small window of possible charge
distributions that place negative charges on the variable domains, and therefore create
strong attractions with the positively charged conserved domains. This is consistent with
the results from Figure 2.9A, which show a much faster decay towardsBex@n st
values as the strength of the attractions increases. Consequently, attractive conditions
are more sensitive to small perturbations of model parameters, which can lead to phase
separation or gelation due to strong attractions. This is in good agreement with
experimental observations for protein solutions with strong attractions that result in
large increases in viscosity, liquiduid phase separation and/or accelerated
aggregation rates at elevatdvith small changes in solution environm¢§2i2,23,43]

It has been discussed above that the transition towards attiBgtiedues was
more sensitive to electrostatic perturbation than the transition towards more repulsive
behavior. This is more pronounced for higher valudsantd highly anisotropic charge
distribution €.g, the presence of dipoles due to opposite charges within different
domains). This value dis highly dependent on the amount and chemical identity of
ions in solution, which highlights the importance loé tsolution environment and the

narrow experimental space under which protein solutions are §a28625,113,156]
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Additionally, Figure 2.11 shows that there is a small window of net charge values
(combination ofQ; for the variable domains, as well@ghat would result in physically
realistic B22/B22,stvalues that allow one to further refine the parameter space of these
models for a given pH and sequenteachieve reasonable valuesB$, the values of

net charge on the variable regiare either positive or relatively small negative values

at this pH unless one considers very small valués$ of

[y
=1

Db o ko @M R o

Figure 2.11.Surface response 8b62/B22,stfor the TRIAD (panel A), HEXA (panel B)
and DODECA (panels C & D) models as a functigran, Qrv, QuL or QuH
andUat pH 5 and TIS = 15 mM for a model 1gG1 (Table 2.3). Other
parameters were set as followsz = 1.85 kT (TRIAD), 1 keT (HEXA)
and 0.85 kT (DODECA) in order to give similar values f8. at high
TISacross the different models.
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Moving to hgh-c2 conditions, the structure factor as a functioncpfwas
simulated for the TRIAD, HEXA and DODECA models for parameter values that give
equal numerical values d@22/Bx2 st in order to evaluate if significant differences
between the models can beakrned at high, even when starting from the same fow
c2 behavior. At fixedB,2/Bz2 stvalues of 0.8 aneD.5, the TRIAD, the HEXA, and the
DODECA models each show quantitatively different behaviors atdigls shown in
Figure 2.12. Figure 2.12A showsat the HEXA and DODECA models showed similar
behavior in the absence of attractions, while the TRIAD model only agrees with the
other two up to approximately 50 g/L at an egB@lB22 stvalue. This illustrates that
repulsive interactions are less déme to the geometric differences in molecular
structure. In contrast, Figure 2.12B shows that strongly attractive interactions lead to
larger disagreement between the models. This is perhaps not surprising,-psickesk
structures depend heavily oretsBhape of the molecule and correlations between the
spatial location of the different domains, and the tagpacking can be expected to
change based on the domaiomain interactions. This also highlights a need for
development and testing of anisottopnodels to simulate higty behavior of non
globular proteins. Further comparison with experimental behavior is neesieldct an
optimal model between the HEXA and the DODECA models, particularly under
conditions of strongly attractive protepmotein interactions, while factoring in
computational burdens. This will be explored in Chapter 3 for two mAb molecules and

in Chapter 4 for a globular protein.
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Figure 2.12.SimulatedS;=ovs @ for the TRIAD (dashed red), HEXA (dotted blue) and
DODECA (dashdotted green) models for a constd/Bo. st of 0.8
(panel A) and-0.5 (panel B), corresponding to frepulsive and net
attractive conditions respectively.

2.6 Summary and Conclusions

A comparison of several coargeained models with varying molecular déta
showed that canonical spherical models overestimate the molecular va@Biner)in
comparison to mAb atomistic structures even when matching equal excluded volume
(Bz2,s7) contributions at love,. Further analysis at higia showed that spherical meld
lack the physical packing behavior of anisotropic structures such as those of mAbs. A
useful balance between numerical accuracy and computational burden was offered by
the HEXA (6 beads per protein) and the DODECA (12 beads per protein) models.
Analysis of hinge flexibility and shoftangednon-electrostatiattractions showed that
the flexibility of the hinge region does not affect the haglbehavior (in terms of the
osmotic compressibility) below approximately 140 g/L, therefore rigid models are
usdul without causing significant additional uncertainty in those conditions for osmotic
compressibility calculations. Adding sh@enged hydrophobic and van der Waals

attractions primarily affects the solution behavior at Hig@ conditions, as expected,
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while electrostatic interactions are most relevant at Té® Analysis of the effect of

the charge distribution oB22/B22 st showed that the presence of highly anisotropic
charge distributions leads to unphysically low (negatiBeyBo. st values, while
theoretical charge distributions from the primary sequence and crystal structures result
in highly unphysical protenprotein interactions at both levand highc. conditions.
Finally, high-co simulations showed that the level of structural cogrséning becomes

most relevant as interactions move from strongly repulsive rangly attractive
interactions. Combined with the tradeff between structural accuracy and
computational burden, this highlights a balance that must be considered when designing

CG molecular models for different applications.
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Chapter 3

PREDI CTI ONS OF AWEAKO MAB | NTERACTI ONS
CONCENTRATIONS WITH MOLECULAR SIMULATIONS AND LOW
CONCENTRATION EXPERIMENTAL MEASUREMENTS

3.1 Introduction

As described in Chapter D) mperoteirrs inbl e
interactions have been shown to correlate, in some cases, with-ligqudl phase
separation, opalescence, crystallization, aggregation rates, and elevated solution
viscosity [17,18,23,25,173] The contributions to these interactions include steric
repulsion, shortangednon-electrostaticattraction (van der Waals interactions and
hydration effects), and electrostatic attraction and repulsion as disensSkdpter 2
The balance between these forces and their overall contributions to protein interactions
depends on the kdion conditions and the protein of interestg, sequence and
structure)[62,66] While these same individual contributions are operative at high
protein concentrationscd), the average distance between the surfaces of adjacent
protein molecules is necessamuch smaller than at low [81,142,144] This might
affect the balance between different forces which will lead to chamgjes net protein
protein interactions a& increase$23]. This chapter considers the challenge of using
coarsegrained molecular models to predict experimental protein interactiaas (
excess Rgeigh scattering) from low to higty. The excess Rayleigh scatterif§{(K)
profiles of two monoclonal antibody protein models provided by Brigtydrs Squibb

(referred as the IgG1 and IgG4) are experimentally determined as a function of pH, total
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ionic strength TIS), sucrose content anck. Experimental second osmotic virial
coefficients B22) values and protein structural information are used as the only inputs

to parameterize coarggained models as a function of the sg#n of theshortranged
non-electrostatic attractioand the effective electrostatic contributions as a function of

pH, TISand sucrose content. The parameter tuning is done without prior knowledge of
the highcz behavior.The experimentahigh-cc R®/K resuts are then predictedsimg

the low-c, parameters in transition matrix Monte Carlo simulations. The results are
discussed from both qualitative and quantitative perspectives, highlighting strengths and
weaknesses of the approach for repulsive and attractive conditions. Addibhrien

structure measurements are included to better assess the preferential interactions across

domains of the same protein, and as a foundation for future model development.

3.2 Materials and Methods

3.2.1 SamplePreparation

Sodium acetate buffer stock sotris were prepared by dissolving glacial acetic
acid (Fisher Scientific) imleionizedwater (MilliQ, Millipore -Sigma)to reach 10 mM
acetic acid, and titrated to pH 5210.05 (termed pH 5 below) using a 5 M sodium
hydroxide solution (Fisher Scientific).r8ilarly, 10 mM histidine buffer stock solutions
were prepared by dissolving histidine hydrochloride (Sigmajeilonizedwater and
titrating to pH 6.5 0.05 (termed pH 6.5 below). Stock IgG1 and IgG4 solutions were
provided by BristoiMyers Squibb at a atting protein concentration of ~50 g/L. pH 5
and pH 6.5 protein stock solutions were filtered and dialyzed using 10 kDa molecular

weight cutoff (MWCO) Spectra/Por dialysis membrane (Spectrum Laboratories,
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Rancho Dominguez, CA) with the desired buffer gdiour 12hr buffer exchanges at
4 °C to remove any undesired solutes from the original protein solution.

Excipient stock solutions were prepared by dissolving sucrose (HPLC grade,
Sigma) and/or NaCl (Fisher Scientific) in 10 mM buffer solutions (ac&tafH 5 and
histidine for pH 6.5) to obtain final solutions of 30 w/w % sucrose and/or 1.3 M NacCl.
These solutions were titrated to the respective pH with small volumes of a 5 M sodium
hydroxide solution. Final protein solutions were prepared gravimiyrimacombining
(1) protein stock solution, (2) pHdjusted buffer, (3) ptdjusted excipient stock
solution with matching bufferThe proportions of (1), (2), and (3) were selected to
achieve a constant excipient concentration and pH as specified & 3.ablThis was
done for a series of increasing protein concentrations every 0.5 g/L up to a maximum of

10 g/L (for lowc; interaction measurements) to ensure dilute protein behavior.

Table 3.1. Summary of formulations for low, data

Formulation Additionaliexcpient
(concentration range)

pH 5, 10 mM acetate NaCl

pH 5, 10 mM acetate + 5% w/w sucrose (0-500 mM)

pH 6.5, 10 mM histidine NaCl

pH 6.5, 10 mM histidine + 5% w/w Sucros (0-350 mM)

For protein solutions above 10 g/L, concentrated protein soltkions were
prepared through membrane centrifugation at ~3200 RCF using 10 kDa MWCO
Amicon-Ultra centrifugal tubes (Millipor&igma) and two buffer exchange steps. A pH
shift was observed as the protein solution was concentrated from ~35 g/L to £E165 g/

so starting pH values of 4.3 and 5.9 were selected for the dialysis with resulting pH
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values of 5.06 = 0.05 and 6.49 + 0.05, respectively, for final 165 g/L solutions after
centrifugation with two buffer exchange steps. This was performed for both mAb

mol ecul es. UVT VIS spectrophotometry (Agi |l e
determine the concentration of the protein solutions at 280 nm using an extinction
coefficient of 1.54 L flcm' ‘and 1.59 L §'cm' ¥or the IgG1 and IgG4, respectively,
beforeandafter dilutions from the concentrated stock solutions. Lower concentration

protein samples were then prepared by gravimetrically diluting the concentrated protein
solution in the desired buffer to obtainvalues ranging from 10 to 160 g/L. Less than

0.1% variation between targeted and actual values for the protein and cosolute

concentrations was achieved in all cases.

3.2.2 Static Light Scattering (SLS)
Batch SLS experiments were conducted using a Wyatt Technology (Santa
Barbara, CA) DAWN HELEOS Il instruant with laser wavelengtt®)of 658.9 nm at
25.0 £ 0.1°CIn SLS, the average scattered intensity at 90° can be determined and used
to calculate the excess Rayleigh ratio, represent&f‘as
0 0

Y 5 5 Y z¢ 8 (3.1)

wherel is the measured intensity of the samplenkid, buffer (vufter), toluene Koluend
and the background radiatiohackground; ReoluenelS the Rayleigh ratio aoluene at the
measured temperature, amdovent IS the refractive index of the solverbl].
Measurements oR®™ as a function ofc. can be used to estimate protgiotein

interactions in théorm of the proteirprotein KirkwoodBuff integral, Go2:

Y . -
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where Mw,app IS the protein apparent molecular weight avid is the protein true
molecular weightK is the optical constant and eqi  nigdn/de)?Na'a, wheren

is the solution refractive indexgri/de) is the change in refractive index of the solution
as a function ot: (see below) antlai s Av o0 g a d 1[28]6The zarag hmbt éor

the structue factor &=0) can be obtained by dividing the right hand side of equation 3.2
by coMw, with the canonical simplification thddw,app® Mw. In this caseSy=o is equal

to 1+ c2G22 and dimensionless. Values ain{de) were determined using a J157HA
Refracometer Rudolph Scientific, Hackettstown, NJ) fof values up to 10 g/L for
each formulation. A value of 0.203 + 0.03 mL/g was obtained for baffgrand NaCl
formulations, while 0.220 + 0.04 mL/g was obtained for all formulations with 5% w/w
sucrosefor both pH values and both mAb molecules.

In the limit of dilute protein concentrationd., c2 below approximately 10 g/L
and|c.G29 < 0.1), Go2 & -2By2 [23,29] As By is independent of, Bz, values were
obtained by fitting experimental excess Rayleigh profiles to equation 3.2 fet2low
conditions. Additionally, KB theory and the corresponding ysislis also applicable at
highercy, so it can be used to quantify protg@irotein interactions at higty from SLS
data[23,29] Negative (positivels22 values areequivalent tdy=o values below (above)

1, and corresponds to overall repulsive (attractive) interactions. Correspondingly in

dilute solutions, positive (negativB). valuesindicate overaltepulsion (attraction).
3.2.3 CoarseGrained mAb Models andlnteraction Parameters

3.2.3.1 Low resolution CG models: theHEXA and DODECA models
Two different coarsgrained (CG) molecular models were used to model

low-c2 and predict higkc. SLS experimental behavior. These were a subset of the larger
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group of different molecular models that were introduced in Chapter ZeTine®

models can provide an optimal balance between accuracy and computational burden as
shown in Chapter 2. Figure 3.1 shows a schematic with geometric constraints of these
CG models, referred to as the HEXA and DODECA models in the remainder of this
chapter. These models were developed and refined in Chapter 2 to resemble the overall
shape of a mAb molecule, and used 6 (HEXA) or 12 (DODECA) beads per protein.

Additional model detailsan befound in Chapter 2.

Figure 3.1. Schematic diagrams of the HEXkeft) and DODECA(right) geometries,
including refined geometric constraints. The sdili@ connectors
between Fab and Fc domains indicate a rigidFabnker was employed.

A modification to the previously proposed shwoanged nonelectrostatic

attractionmodel was made here to achieve an effective attractive range of ~1 nm for
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both the HEXA and DODECA modelsdmpared to equation4). This was achieved

by modifying the range of attractions for the DODECA model

6 i -, ,
Y av® T T (33)

where Ur represents the strength of the shrarigednon-electrostaticattractions,n
represents the range of the attractions and is equal to 6 for the DODECA model and 10
for the HEXA model, and is a normalization factor to make the potential energy equal
to -Grat its minimum value and is equal to 1.2196 for the DODECA model and 1.3464
for the HEXA model.
Similarly, a modification to the previously proposed electrastaibdels was
made to better model experimental data. This was achieved by changing from a Yukawa
potential (equation 3) to a modfied screenedoulomb potential:
0 i ., Q
QY —rrnn 3 (3.4)

b P
v P C"”

g corresponds tthe Bjerrum length ands equal to4 “ oksT) %, with® representing the

solution relative permittivity at a given temperattirgis the vacuum permittivity (in

units ofge? Nt m, for ge representing the elemental charge of an electiens the

Boltzmann constant antlis the absolute temperature. For solutonensi der ed her
was equal to 7.1% for any buffer + NaCl formulations at 25 °C, and 7 &&or

formulations with 5%w/w added sucrose at 25 {C74]. g andq; are the theoretical

valence of domain/fragment/amino aciéndj, respectively, as calculated from the

protein sequence (see below), whyild€yj) is used to scale the theoretical charge such

that yig (yjq) is equal to the effective valence in solutigiy (q.er). Ui is the average

diameter of beadsandj and equal to % + (j;), whereli and{j; are the diameter of the
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ith andjth bead ofsub)domain, respectivelya is the Debye screening length based on

the TIS of the solution, andj is the centeto-center distance between the interacting

beads andj. This modification allows one to better capture electrostatic phenomena as

well asit allows for easier comparison with electrophoreseasurementd.54,156]
Theoretical valence valueg ) were calculated using the standard Henderson

Hasselbalch equatidi69]. Protein sequences for the IgG1 and IgG4 molecules were

provided by BristoMyers Squibb, including homology models for better capturing the

molecule geometry (see Figure 3.1), which were refined in compaadéigure 2.2

This sequence was partitioned into eeelainlength units to compute the charge of

each HEXA or DODECA model bead. For the HEXA model calculations, the Fv

domain was composed of the upper half of the light clmasidues 1107) and the upper

quarter of théneavy chainrgsidues 4118) (.e., combining both W and . domains);

the C1 domain was composed of the lower half of the light chesidies 10&214)

and the second quarter of the heavy chasiues 11:234) {.e., combining both €1

and G domairs); the C2 domain was composed of residues3#of each heavy

chain {.e., both G2 domains); and the C3 domain was composedtedast quarter of

each of the heavy chaing¢idues 35874) (.e., both G43 domains)For the DODECA

model calculationghe heavy chains were portioned into four uniésidues 4118 for

the Wi, 119234 for the G1, 244357 for the G2, and 358474 for the @G3) and the

light chains into two unitsésidues 1107 for the \, and 108214 for the ) for a total

of 12 beadseach with its respective net charge. In what follows, the terms valence and

charge will be used interchangeably. Examples of the theoretical charge distribution for

the DODECA model and the IgG1 are shown in Figure 3.2, with the gyG#n in
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Figure 3.3 All theoretical charge values are shown in Table 3.2 for pH 5 and 6.5 for

both CG models and molecules.

Table 3.2. Theoretical charges at pH 5 and 6.5.

Molecule | Model qQvH | QvL dcL QcHil | OcH2 OcH3
DODECA, pH 5 1.89 | 0.72 |2.94 |6.27 |5.07 |2.78
1gG1 DODECA,pH6.5 |029 |0.02 |0.55 |4.53 |1.82 |-0.20
HEXA, pH 5 2.61 9.21 10.14 | 5.56
HEXA, pH 6.5 0.31 5.08 3.64 -0.40
DODECA, pH 5 279 | 261 194 |2.27 |1.15 2.89
9G4 DODECA,pH 6.5 |2.02 |2.02 |-0.45 |0.53 |-1.44 |-0.19
HEXA, pH 5 5.40 4.21 2.30 |5.78
HEXA, pH 6.5 4.04 0.08 -2.88 |-0.38

+6.27 +2.94

+1.89

+4.53 *0.55

+1.89
+0.02

+2.78 +2.78 -0.20

Figure 3.2. Theoretical charge distribution for the DODECA model at pH 5 and 6.5
for the 1IgG1 molecule.
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+2.27 +1.94

+2.89 +2.89 -0.19

Figure 3.3. Theoretical charge distribution for the DODECA model at pH 5 and 6.5
for the IgG4 molecule.

3.2.3.2 High Resolution CGModel: the 1bAAModel

A structurally higher resolution CG model was used to evaluate interactions
between pairs of IgG1 and IgG4 molecules, as a function of the formulation space. A
previously developed orAgeadperamino acid (1bAA) model was used to compBie
values using the Blyer samplingwith overlap sampling algorithm (see below). The
1bAA force field proposed in the literature was updated using equation 3.4 to model

electrostatic interactions hSrt-rangednon-electrostati@attractions were modeleda

Vol - ” ” 0 v~ \ N
6 1 oy T T P bRt
T’Q "Y I:p T - - ” n” " (3 .5)
vv oV — h &mi o0
Vg

in agreement with work found in the literat(ié&]. Here,(r represents the strength of

shortrangednon-electrostatiattractions §j = (Q§)*?is the relative hydrophobicity of
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thei-jth pair of residues witlidenoting the specifisydrophobicity of residug andr¢

is the cutoff distance equal to'20; [62,66]. Additional parameters have been defined
elsewherd66]. Finally, sterieonly interactions werenodekdusingequaion 2.1(i.e,
hardsphere potential). The 1bAA force field allows one to evaluate the combination of
the efects of shorranged norelectrostatienteractionge.g, hydration effects and van

der Waals attractions), electrostatic interactions, and pretaluded volume at the
scale of individual amino acids while still being computationally tractataleh Bmino

acid is represented as a single bead, with different bead sizes anrcasbednon
electrostati@ttraction energetics for different aminodmentities, and the chargg

for theith amino acid resides at the center of that bead. Based on nominal pKa and pKb
values, at pH 5, all D and E amino acids are approximated as having a chakge of
while all K, H and R amino acids have a charge bf At pH 6.5, only H residues are
modeled as deprotonated, changing their charge valuettotm 0. The values of the

specific hydrophobicity scaling parametg} &nd bead sizesif are shown in table 3.3.

Table 3.3. Wand parameter values for eachtb® 20 natural amino acids.

o o

Residue| Gi(A) | U Residue| G (A) | U
Lys (K) | 7.03]0.00] |His(H) | 6.29 | 0.25
Glu(E) | 6.40|0.05| |Ala(A) | 5.020.26
Asp (D)| 5.83|0.06| |Tyr(Y) | 7.11 | 0.49
Asn (N)| 595 |0.10| |cCys(C)| 4.92] 054
Ser(s)| 528011 |[Trpow) | 6.70 | 0.64
Arg(R) | 7.32]0.13| [val(v) | 6.05|0.65
GIn(Q)| 6.35|0.13] [Met(m)| 6.32|0.67
Pro(P) | 5.62|0.14] |lle() | 6.36]0.84
Thr(T) | 5.81 |0.16| | Phe (F) | 6.95 | 0.91
Gly(G)| 431]017| |Leu() | 6.55]1.00
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3.2.4 Monte Carlo Simulations

3.2.4.1 B2z Simulations from Mayer Sampling with Overlap Sampling

The HEXA, DODECA and 1bAA models were used to comadtdor a given
pH and TIS using the Mayersampling method employing theverlap sampling
algorithm (MSOS) developed by Kofke and coworldi32]. A similar methodology
to the oneemployed in Chapter 2 was used here: MSOS simulations were performed at
25 °C with 13 Monte Carlo (MC) attempts for both the reference system and the model
of interest. Edle MC attempt consisted of either a translation or a rotation around the
center of mass of the first protein molecule using the second molecule as the origin. The
maximum displacement and rotatioensobtained with a prequilibration step of 10
MC attemps where these features were adjusted to obtain an acceptance ratio of 50%
(see section 2.2.3Yhe sterieonly behavior of the protein was used as a reference, so
the simulation directly returndgb,/Bo2 s1, whereBo2 strepresents the steranly second
osmotic virial coefficient i(e., the value due to only protein excluded volume
contributions) as explained in Chapter 2 and below. foewing simulations were
performed:B22/Bz2 stwas calculated fotsr values between 0 and 1.57k yi values
betweerD and 4, and TIS values between 0 and 520 iirti.obtainedB,2/B22 stvalues
were compared to experimental values for further parameter tuning or analyzing the
surface response space (see subsections below). Statistical uncertainties were estimated
by perbrming 5 independent simulations for each model and a given solution condition.
The standard deviation was used as the estimate of statistical uncertainty, including error

propagation.
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3.2.4.2 High-c2 Simulations with Transition Matrix Monte Carlo

Transition natrix Monte Carlo (TMMC) was used to compuR/K vs e
profiles forc, values above 10 g/L using the methods desciib&hapter 2 andelow.
The parameters were refineda MSOS simulations and compared with law
experimentalB2> values as deribed in he next subsectionThe simulations were
carried out in a grandanonical (osmotic) systef$8,128,136] An initially uniform
concentration probability distribution was used, which was subsequently reconstructed
at the end of each cligcuntil it converged to the actual probability distribution, with
each cycle being defined as®1C attempts. A MC attempt consisted of one of the
following randomly selected moves: a translation, a rotation or a molecule insertion or
deletion[128,136] Translations and rotations represented 30% of all MC attempts,
while deletions and insertions represented the remaining T@&emperature was
held constant at 25 °C. Preliminary simulations were used to find an agleqlued of
the reference chemical potential, depending on the parameter values (see batow).
to boundary effect$z22 was observed to depend on the box sizefor30 g/L and box
sizes below 50 nrfiL28,168] Consequently, a box length from 60 nm to 180 nm was
used, where simulated values@&# were not found to significantly depend on the box
length and larger box sizes were used for-tawonditions to decrease the noise on
simulatedGyz values. he simulation box was started with an empty systémvalues

were calculated by usingstogram reweighting on the probability distributiorvia

<0 @O @O 36
) e P (3.6)

where represents the average protein concentration infgy/I(Js the average number
of protein molecules in the simulation box, aiid O & O represents the average

fluctuations in the number of proteirad], of thesefor a given choice of protein chemical
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potential. This equation is equivalent to a dimensionless ves§exuation 13. Excess
Rayleigh(R®/K vs @) andS;=o profiles were obtained by inserting simulated values of
G2 in equation 3.2 with &w value of 146.5 kDa and assuming tiv, appandM,, are

equal, as is the case for many mAb soluti@3$29,37,175]

3.2.4.3 Higher Order Virial Coefficientsvia MSOS

The HEXA and DODECA models were also used to compute tBiggh Or
Bo(3)), fourth (B2w) and fifth B2s) virial coefficients for the same model parameters
used to compute higtr behaviorwith the TMMC algorithm This wasachieved by
using the MSOS algorithm but in this case applied to three proRigg, four proteins
(Bz4)) and five proteinsBy(s)) for each respective virial coefficiefit31,132,176] The
methodology was similar to the one employed&gwith minorchanges for each virial
coefficient: MSOS simulations were performed2at °C with 16-10'° Monte Carlo
(MC) attempts for both the reference system and the model of interest until achieving
convergence for each virial coefficient. On average, this was\athwithin 16 MC
attempts foBz(s), 1P for Bay and 16° for Bys). Each MC attempt consisted of either a
translation or a rotation around the center of mass of the first, second, third and/or fourth
protein molecule using the last molecule as thgirgrdepending on the number of
simulated proteins. The maximum displacement and rotation was obtained with a pre
equilibration step of TOMC attempts, where these features were adjusted to obtain an
acceptance ratio of 50¥6ee section 2.2.3The ste-only behavior of the protein was
also used as a reference, so the simulations directly retBeggB2), st, where By
represents theth osmotic virial coefficient, andBy( st represents its stermnly
counterpart i(e, the value due to only gptein excluded volume contributions)

[131,148,177179]
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The following simulations were performe®:j)/B2(), st values were calculated
for a subset of(§r, yi] values that match thogested with the TMMC algorithm to
predict highc, behavior.Bz(), st values were computed using the same methodology
employed in Chapter 2 fd@»> st, but applied to the respective higher virial coefficient.
In summary, a reference hard sphere in the cefitmass of each protein was used in
computing Bog),st values, which resulted B siBzgHs values, with Bog s
representing theeh osmotic virial coefficient for a hard sphere fluid. FiBgl)stvalues
were obtained by rescaling the simidatresults with analyticaBz) qs results[177].

The resultingB2i)/Bz),st values were then scaled with computd) st values(see
Chapter 2) SimulatedB;) values were used to compute the osmotic pressure as shown
in equation 3.7, which was later used to compute thessacy derivative to evaluate
R®YK values as shown in equation 3.8. Hédgrepresents the osmotic pressure of the
protein in solutionR is the gas constant aiids the absolute temperature. Equation 3.7

is obtained by expanding the osmotic pressuréhefprotein as a function of virial
coefficients as is done in the McMillaviayer solution theory59,96,148,177,180]
Likewise, equation 3.8 is obtained by combining equations 3.2, 8é&j(mtionl.3 in

the same matter) and the osmotic compressibility equatien(O g0 Yr-c2 %

i‘) W 7 " 4 W - W o
Ty P 8D 6 0 6 0 6 3.7)
Y o . 10
— 0 O 0O — 3.8
0 " T Y'Y ; P (38

3.2.4.4 Domain Contact Maps with Radial Distribution Function Simulations
Domaindomain radial distribution functiongi(r) vs r) were collected in a

grandcanonical system using the same DODECA model parameters used to predict
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high-co SLS behavior (see below). The same simulation movements used during the
TMMC simulatiors, and discussed in Chapter 2 in detail, were used without biasing the
sampling(e.g, grandcanonical simulationgl28]). A box length of up to 180 nm was
used, and the protein chemical potential was tuned to obtain an avevafee of 10,
50, 100 or 150 g/L for a defined set of parameters during the-gearahical sampling.
This allows one to obtain informationg&ding preferential contacts between domains
of the protein molecule. Conditions with only shhgednon-electrostati@ttractions
(i.e., yi =0) were used as a comparison to better discern the effect of added charges and
packing limitations (intrinsic in the shape of the molecule) in the preferential contacts
across protein domains. Histograms for the spatial distribution of protein b&ads (
how often a bead is observed based on a reference frame) were collected for a uniform
grid of 0.2 nm every FOMC attempts for a total of I01C attemptsi(e., a total of 10
entries were recorded for each grid of a histogram), using varying ladsai(s) as
the reference poinil25,126,128] These histograms wecenverted ta(r) vs rvalues
using algorithms explained in referenfd&28]. Here, the subscripisj indicate that the
radial distribution faction is collected based on pairs of domaisnteracting with
each other. For instancgcHzvh(r) indicates a radial distribution function ofv&
domains with respect todMlomains, averaged over all simulated protein molecules and
at a givere, value pr averages, value[136]) and parameter set. By usingttiefinition
of the potential of meaforce [59,128,148] gi(r) vs rwere transformed into potentsal
of mean forcewi(r), for each possible domantomain contactia

o 1T (3.9)
The minimum value of such potential of mean force is used to reconstruct domain

domain energy contact surface responses by plotting this minimum value (referred as
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min(w;)/keT) for each possible domatiomain interaction €.g., a total of 21

independent contacts for the DODECA mod248].

3.2.5 AverageRelative Deviation (ARD) Calculationsand Model Validation
In order to evaluate the effectiveness of the pre€&htmodels to model or

predict experimental behavior, ARD values were calculated for any given daia set

PTITT W W
0 YO -

< = (3.10)

wheren represents the number of data points ani$ the experimental or simulated
value to be evaluatect.q, B22 vs TIS andR®/K vs ¢ in this work). As the ARD
representshe average deviation between the model and the experimental data, a cutoff
value betweerd0% and 20% was used as a crageffor considering a prediction to be
guantitatively accurate, as this average deviation can be considered a conservative
estimate of the model prediction uncertainty, particularly given typical experimental

uncertaintiesor SLS data.

3.2.6 Tuning Model Parametersfrom Low-c2 Data

To predict highc, excesRRayleigh profiles from lowc, measurements using the
formulated CG modelsB22 vs TIS experimental data were used to tune two model
parameters: the strength of shahgecdhon-electrostati@ttractionddr (equation 3.3)
and the correction factor to the theoretical chayggequation 3.4)Additional model
parameters were refined in Chapter 2 and above based only on the geometry of multiple
mADbs from their published crystal structures, as well afitineology models for these
molecules. Under highlS conditions, electrostatic interact®m@re expected to be

heavily screened (according to the Delligckel theory), sdB2. values under these
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conditions can be used to set the valugeby combining exprimental and simulated
data[23,66,76,148,154]Converselylow-TIS conditions are expected to be dominated

by electrostatic interactions, and this can be used to determine an optimized yalue of
[23,66] For simplicity, ally; values were assumed to be equal for all the domains.
Consequentlyy; will be referred agy in the remainder of this work, as an average
correction factor for all theoreticaharges at a given pE54,156] Similarly, Gz will

be used as an averaged strarigednon-electrostatiattraction strength (for solvation

and hydration effects, and van der Waals attractions) and equal for all the molecule
domains in the HEXA and DODECA mod¢&7,143]

The following methodology was employed for the parameter tuning exercise:
B22/B22,sTVvs TISvalues were simulated using both the HEXA and DODECA models
using the MSOS algorithm for a rangd Gr, y] pairs. ARD values were computed for
each pair by comparing experimental and simulaBedB>st vs TIS results.
ExperimentaB,2/B22,stvalues betweer0.05 and 0.05 were excluded from any ARD
calculation to avoid heavy biasing on the final AR&lue. Surface plots of ARD/s
[(r, y] were constructed, where a funiie behavior is expected if there is a unique
subset of[($r, y] pairs that minimizes the ARD results. As there is experimental
uncertainty in experiment8b2 values, the previousxercise would result in a parameter
space of g, y] pairs that can accurately mimic the experimental data, as shown below.
Consequently, all simulatdtir, y] pairs that resulted in ARD values below 20% were
subsequently used to predict highRayleigh scattering behavior, creating a predicted

Aienvel &YKratheftian a single curve.
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3.3 Steric-Only Behavior as Referenceand Equations of State (EXS)

The sterieonly behavior can be used as a reference state as this corresponds to
the minimum level binteractions any macromolecule would experience in solution (see
Chapter 2). In the case of lesy behavior, steric interactions am-independent,
resulting in aBy2 value of 0.Q L/g as calculated in Chapter 2 and ternBegsrin the
remainder of the chapter. Thi8. value can be used to normalize &ayvalue across
different solution formulations. ConsequentBs./B22 st values above 1 would be
representative of added repulsion (beyond sterics) to the protein, which will be termed
as -fepustveo i n the remai nd®8pBogivalueshhelmvlc hapt e
would be representative of added attractions that overcome theastbrioehavior of
the protein, and tahitg awitlilv elde itnertrheed ragnafin

For higher c; values, it is necessary to develop expressions to compute the
c-dependent behavior of steric interactions. Chapter 2 showed the results of computing
stericonly interactions as a function of using several CG models, including those
used inthis chapter. In Chapter 2, grandnonical MC simulations were carried out to
obtain values o€, as a function of protein chemical potentiad ¥s€2). These results
can be further used to compute a stenty EoS to analytically calculate the high
behavior due to sterionly interactiong59,148,178,181,182]This can then be used as
a reference state instead of the ideal gas ofimenacting behaviori.g€., B22= 0 or §=o
=1). Consequently, two different approaches were used to obtain such an EoS. The first
approach was based on thaaliexpansion as is done in the McMilldayer solution
theory (referred tas VE below, as shehtand for vrial expansion [148,180] VE-EoS
provides a simple®order polynomial

g 0

— oy 6- 6- 8- 0- 11
VY, o] 0 0 0 (3.11)
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which can easily be used to analytically calculate thermodynamic properties
[59,96,148,18Q] This approach is expected to strongly deviate froah maulti-body
behavior ag» increases beyond the range of simulated valkigs ébove 160 g/L). The
second approach was based on the Carr8hanfing EoS (referred as the M&below,

as shorhand formodified Carnahasbtarling), which was previouslyedeloped to
accurately capture the stenaly behavior of spherical models as a function of volume
fraction[148,183] However, as shown in @pter 2, spherical models lack the packing
resolution to capture higte mAb behavior, so modificationsere performedo the
coefficients in thisEoS The MGS EoS provides a more complicated mathematical
function that was inspired by sedbnsistent stétical mechanical derivations of hard
sphere fluids that can still be used to obtain analytical thermodynamic properties and
derivativeqg148,183]:

R0 0 b- 8- B-

OV = (3.12)
wY"Y p 0 -

In equations 3.11 and 3.1, strepresents the osmotic pressure of the protein
in solution due to only stericR,is the gas constant aiids theabsolute temperaturd.
corresponds to the protein volume fraction in solutionv{=,). vz is the protein
molecular volume and was computed in Chapter 2 using atomistic simulations and
found equal to 0.3 mL/g (Table 2.2) for a series of mAb molecul&oth of the
proposed analytical stermnly E0OS models were fitted to simulated déta{rv s, andl
ar vs d) by minimizing the error in both the isothermal compressibi(ity =
(O ® Ysnr-d1) and the osmotic pressurdy(st) as a function of proteivolume
fraction () for values off 0<165 (.e., c2< 180 g/L). The resulting parameters obtained

from error minimization are shown in Table 3.4. It is worthwhile to point out that
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extrapolating to higher volume fractions (@r values) is discourageds additional
parameters might be required to capture even more crowded envirgnment

[178,180,184]

Table 3.4. Model parameters for the stewnly E0S

EoS | A1 | A2 As As As
VE L 10.551+0.006|62.2+0.2 |136+1 468 + 4
MC-S 7.5177 10.0007| 33.84 + 0.01 -4.60 £ 0.05 -1 ¥

APreset to comply with dilute limit behavior (ideal gas EoS)
JPreset to ensure continuity in the compressibi

3.4 Experimentaland Comput at i on alProfeiwktaracbonsHar ot ei n
the 1gG1 Molecule

SLS wasused to determine excess Rayleigh profiR®/K as a function ot,)
for a series of solution conditions for the IgG1 molecule. Atdgwhese measurements
were used to determirig. values as a function @iiSby changinghe NaCl molarity.
Figure 3.4 shows the resultsB vs TISfor two series of formulations (buffer + NaCl,
and buffer + 5% w/w sucrose + NaCl) and two pH values: 5 (panel A) and 6.5 (panel
B), all measured foc, < 10 g/L. B> values were normalized ug the sterieonly
behavior from a 3D homology moded.(1 L/g) as a reference state and for easier
comparison with the MSOS simulatior8s./B22,stvs TISprofiles differ quantitatively
between pH 5 and pH 6.5, and between both sucrose concentratiqhs 54and low
TIS proteinprotein interactions were relatively large and-regtulsive B22/Bo2 st>>
1). IncreasingTIS by adding NaCl decreases the magnituddgfuntil reaching a
constant value for IS values above approximately 300 mM. At pH 6.5 & TIS

proteinprotein interactions were nattractive, relative to steronly interactions
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(B22/B22,st < 1). Increasingl'lS by adding NaCl decreases the magnitud&xfuntil
reaching a constant value foliSvalues above approximately 300 mM insithations.
B22 values at highT'lS (>300 mM) were the same for both pH values but became less
attractive (less negative) with the addition of sucrose, with similar Hi§hesults in
the presence of sucrose for both pH values. ConveBelyalues difer significantly
across pH at low'IS (below 50 mM), where pH 5 resulted in larger (more repulsive)
B2> values than pH 6.5. The addition of sucrose did not result in statistically
distinguishable behavior at loWS

Insets in Figures 3.4A and 3.4B shove texperimentaR®/K vs ¢, (high-c,)
results for the formulations presented in Table 3.5 and that correspond to tbe low
measurements in the main panefgdditionally, the sterieonly behavior for this
molecule is shown as a reference, as computed tiengE EoS model (equation 3.11
and Table 3.4). The results in Figure 3.4A (inset, pH 5) shovirtt1&t profiles for both
buffer-only and sucrose formulations are-nepulsive R¥/K values below the steric
only behavior), withR®/K profiles for sucroséelow (more repulsive than) those for
buffer-only. Adding 100 mM NacCl results i substantial increase R®/K values and
brings it above the stermnly behavior. For Figure 3.4B (inset, pH 6.5), the budiely
formulation overlaps with the steranly behaior at lowc,, and adding 5% w/w sucrose
results in a decrease in tR&/K profiles (increase in repulsions) while adding 100 mM
results in an increase IR®/K values (increase in attractions). In each formulation
(buffer, buffer + sucrose, and buffeNaCl), R®/K values at higlt, at pH 5 are lower

in magnitude than those at pH 6.5 for equalalues.
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Figure 3.4. Main panels: B22/B2 stvalues as a function dflSfor the IgG1 at pH 5
(panelA) and pH 6.5 ganelB) with added NaCl from 0 to 500 mM. Black
symbols represent data with only buffer and added NaCl while red symbols
represent the same solutions with 5% w/w added sudrosss: high-c.
data for pH 5 and pH 6.5 ftwffer-only (black squares), 5% w/w sucrose
(red triangles) and 100 mM NacCl (grayrcles). The blue dashed line
corresponds to the sterimly behavior calculated using the VE EoS.

Table 3.5. Summary of formulations for higle SLS data across protein molecules.

Formulation Short notation
pH 5, 10 mM acetate pH 5, buffer
pH 5, 10 mM acetat 5% w/w sucrose | pH 5, sucrose
pH 5, 10 mM acetate, 100 mM NaCl pH 5, NaCl

pH 6.5, 10 mM histidine pH 6.5, buffer
pH 6.5, 10 mM histidine, 5% w/w sucro{ pH 6.5, sucrose
pH 6.5, 10 mM histidine, 200 mM NacCl| pH 6.5, NaCl

Proteinpr ot ei n faotiansadceomediated leyrtha solution environment
the protein is subject t¢23,25,51,156,185] These interactions have three main
contributions: stec or excluded volume effects (repulsive); shamged van der Waals
interactions and hydration/solvation effects (net attractive or repulsive); and

eledrostatic interactions (both attractive and repulsi@®]. Among these, only the
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latter should be significantly affesd by the solution ionic environmentig charge
screening) if one neglects ion binding effe[t48,154,156,186]Consequently, the
decrease iB22values and plateau behavior that @bserved a3lSincreases in Figure

3.4 can be attributed to the screeningtadng chargeharge repulsiowith theaddition

of NaCl, as described by the Debiiéickel theory[148,154,156] This agrees with
previously published experimental behavior of a number of proteins as a function of
ionic environmenf23,25,187,188]SinceB,2/B22, stconverges towards values less than

1 at highTIS conditions, there should be sheosingednonelectrostaticattraction
present in the molecule to overcome gheric repulsionAdditionally, both pH 5 and

6.5 results converged towards equgb values for TIS values above 300 mM,
suggesting that electrostatic contributions are completely screened and the solvation
effects and van der Waals attractions present between the molecules are not affected by
the diferences in buffer chemistry and gB3,51,66] Conversely, the difference i
interactions at lowerISvalues suggests different electrostatic behavior with the change
in both buffertype and pH, going from strongly repulsive to mildly attractive (relative

to stericonly interactionsB22/B22, st= 1) as pH increases.

It is commory accepted that, for most proteins, the total effective protein charge
approaches zero as the pH of the solution approaches the isoelectric point (pl) of the
molecule. Consequently, the strength of electrostatic repulsion (caused by strong
chargecharge epulsions) will decrease as the pH approaches the pl of the molecule.
The pl of several IgG1 molecules have been reported to lie between 7.5 and 8.5, and the
present molecule has a theoretical pl of 7.9. Consequently, the decrease in repulsion
with increagd pHis expected based @decrease in the total effective charge of the

molecule (mostly due to deprotonated histidine residues at pH 6.5 in comparison to pH
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5) and the change in the iclouding/declouding that this might lead {@54,155,158]
This can be observed in Figure 3.2, where the valudgegedheoretical charges decrease
from pH 5 to 6.5, and in some cage.g, theCnx3 domain) this can cause a shift in sign.
Since shorrangednon-electrostaticattractions are present at both pH values, this
decrease in the effective protein changgh increasing pHvould decrease the effective
electrostatic repulsiofrelative to steris) at lowTIS as seen in Figure 3.4.

Collecting B2> data as a function aflS allows one to gain insights into two of
the main contributions to proteprotein solutiorinteractions: (a) the strength and sign
of net electrostatic interactions (observed at IB\8) and (b) the strength of shert
rangednonelectrostaticattraction(observed at higf'lS). This is better visualized in
Figures 3.5 and 3.6, where data showrFigure 3.4 were used to tune the model
parameters for the HEXA and DODECA models as described above.

Figures 3.5 and 3.6 show a comparisoB0fB22 stvs TISbetween experiments
and simulations for the HEXA and DODECA models coupled with MSOS simulations
respectively. The experimental data and formulations are the same as those presented in
Figure 3.4 and Table 3.1. Here, the shaded areas in the main panels represent the
simulatedB22/B22 sTvs TISprofiles obtained from ARD values below 20% (gray minima
in surface plots in the insets). The insets show colored surface plots of ARD as a function
of Grandy values. From those parametesponse surfaces, one can identify a narrow
parameter space (values 18k andy, also referred adr, y] pairs) that accurately
captures the love, experimental behavior with a given CG model. Here, all surface
response plots show a fundiéle behavior, where a small subset & y] pairs are
capable of accurately modeling the experimental data within a 20% ARD. These results

showed the capability of the present CG models to quantitatively captugattice
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behavior as a function @iSand at lowc,. Additionally, Figures 3.5 and 3.6 show that

the currently proposed electrostatic interaction model is capable of accurately modeling

the B2 behavior from low to high TIS as well as the plateaBaiwvalues tlat occurs at

highTIS(>300 mM).
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Figure 3.5. Comparison 0fB22/Bz2st as a function ofTIS between experimental
(symbols) and simulated values (shaded areas) using the HEXA model at
pH 5 for buffer (A) and 5% w/w added sucrose (B) conditions and at pH
6.5 for uffer (C) and 5% w/w added sucrose (D) conditions. The insets
correspond to surface response of ARD values as a functigrafdy.
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Figure 3.6. Comparison 0fB22/Bz2st as a function ofTIS between experimental
(symbols) and simulated values (shaded aresisyyuhe DODECA model
at pH 5 for buffer (A) and 5% w/w added sucrose (B) conditions and at pH
6.5 for buffer (C) and 5% w/w added sucrose (D) conditions. The insets
correspond to surface response of ARD values as a functigrafdy.

Differences in tk values of the parameters within the gray regions are observed
when comparing insets in Figures 3.5 and 3.6 across pH (panmsl€ Aand Bvs D),
added sucrose (panels\ws B, and Cvs D) and modetype (Figures 3.%s 3.6). By
comparing across pH for oFigures 3.5 and 3.6, one observes that the only parameter
that is significantly affected ig, as it shifts from ~0.35 at pH 5 to ~0.65 at pH 6.5 for
the HEXA model, and from ~0.65 at pH 5 to ~1.0 at pH 6.5 for the DODECA model.
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This increase iry can potentiallybe explained by a decrease in ion binding due to

smaller net charges in the protenolecule (see Figure 3.2 and discussion above) and

the possible change in binding affinity of the iofi%4,156] Consequently, the

solvation of ions around the protein may change with inorg@#i, causing an increase

in y as the solution charges approach their theoretical valuesifice 1 gia&¥ .

From the results in Figures 3.5 and 3s thange iy is only observed across changes

in pH, asy remains constant when comparing across sucrose content (pavel, A

and CvsD). This suggests that the addition of sucrose should only indsigaificant

nonelectrostatic effect to the protein solution behavior. This is also observed in the

experimental data, where the valueBgfare the same for both buffenly and buffer

+ sucrose at low S, but diverge a3 ISincreases. By comparing panels A and B, and

C and D, one can observe that the addition of sucrose correlates with a decrease in the

value of($r. For the HEXA modellr goes from ~1.1&KT for bufferonly to ~1.0 kT

for buffer + sucrose for both pH values (Figure 33Milarly for the DODECA model,

it goes from ~0.72 KT to ~0.64 kT (Figure 3.6). This decrease ik and increase in

B22athigh TISwith added sucrose suggeshanges in the hydration shells of the protein

in the form of proteirsucrose interactions, and this will be discussed further below.
Comparing Figures 3.5 and 3.6 also shows that$kealues within the gray

areas ee always lower in magnitude for the DODECA model (6.6278 kT) than for

the HEXA model (1.0 1.2 kT) for all simulated formulations in Table 3.1. This is due

to the decrease in the number of beads/domains by moving from the DODECA to the

HEXA modelas shown irChapter2. Conversely, the magnitude pfincreases in the

DODECA model in comparison to the HEXA model (see numbers above). Although

the discussion fotkrin terms of the differencda the number of domains for HEX#A
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vsDODECAsalso applies tg, changes in thealues of the charges also pkayelevant

role in this caseAs expected, ltarges in the HEXA model are effectively twice the
magnitude of those in the DODECA model (see Table 3.2 and Figure 3.2). Charge
charge interactions were modeleid equation 3.5, where the electrostatic potdnti
energy is proportional to the product of the charges. Consequently, doubling the value
of the charges (by going from DODEGA0 HEXAs) would induce an increase in
potential energy by a factor of 4, which can compensate and overcome the decrease in
the rumber of simulated domains/beads (from 12 to 6 in this case). Additionally, larger
charges are conducivéo stronger iornsolvation, thus lowey values are expected for
more coars@rained(less structurally detailed) models. Consequently, one must be
cautous that(r andy values used in this work and for these CG models are model
specific, and likely will differ if one changes the structural resolution of the models
(either higher or lower resolution).

It is anticipated that the same qualitative intacacbehavior discussed above
might apply at highec, values. At pH 5, both buffer and buffer + sucrose conditions
R®/K values are observed lie below the sterionly behavior (netepulsive). This
agrees with the love; behavior a2, values were lamy thanBa2,st(B22/B2z2,st~ 1.8).
Nevertheless, buffer + sucrose conditions are observed to be more repulsiv&{lower
or R¥/K) than bufferonly conditions, and this deviation is more pronouncea.as
increases. This does not correlate with d@wmeaurements as both pH conditions
resulted in equaBz2 values within their experimental uncertainties (Figure 3.4A). At
pH 6.5, the buffeonly behavior remains nettractive at higte. (above the sterionly
curve) but the sucrose conditions arenmgiukive between 10 and 120 g/L, converging

towards the sterionly behavior at highet.. Once again, these results could not be
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predicted from lowc: information alone as all measurBgb results were neattractive
(B22/B22,s7< 1) at pH 6.5, with equd,. results for sucrose and buffenly formulations
at low TIS (see discussion above). For all formulations with added NaCIR%ti¢
profiles show netttractive behavior for both pH values, with stronger attractions at pH
6.5 than at pH 5 and in good agneent with the expectations from their lapresults.

Figures 3.7 and 3.8 show a comparison of the experimentathRK vsc,
results.The results from the HEXA and DODECA models are based on the TMMC
simulations for the parameter space obtainefittayg low-c, data(cf., Figures 3 and
3.6). Figure 3.torresponds tparameters frorigure 3.5and the HEXA model. Figure
3.8 corresponds tgparametersfrom Figure 36 and the DODECA modelThe
formulation conditions are the same as shown in TaldleShaded areas the main
panels in Figure 3.@nd 38 represent the confidence intervals of the prediBf&K vs
c profiles using model parameters that resulted in an ARD value below 20% from the
low-c, parameter tuning (gray regions in insets @fufes 3 and 36). The symbols in
Figure 37 and 38 represent the same experimental data showieinnsets ofigure
3.4, including 95% confidence intervals as error bars. By visual inspection, the
parameters obtained at lesy allow the CG models tbe predictive of the higlo
behavior within a 20% average deviation from 10 to 150 g/L. The sirljcbehavior
at highc is also incluéd as a reference in Figures 8ril 38. None ofthe predictions
in Figures 3.7&nd 38 utilize experimental datadm highc, as inputs to the models, but
required knowledge of thB», values at each given solution condition.

Although there have been several studies that focus on experimentally
correlating lowc, measurements with higt protein physicochemical havior, results

in Figure 3.4 highlight some of the shaxdmings of these approacheas interactions
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and solution behavior might change as the solution transitions from low ta:high

shown in Figures 3.and 38, the changes if;=0 are not monotowi (not constanG:»),

which lead to decreased attractions relative to that seen only ef [dhis is of greater
relevance during screening of drug candidates and formulations during early stages of

development, where limited access to protein meltegcessitates measurements at
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Figure 3.7. High-c, predictions ofR®/K and S=o0 from low-c, parameters with the
HEXA model shown in Figure 3.5, f@H 5 (A, C) and pH 6.5 (BD) and
for buffer-only (black squares), 5% w/w sucrose (red triangles) and 100
mM NaCl (gay circles).The symbols represent the experimental while
shaded areas represent the model predictions. The blue dashed line
represents the steranly behavior.
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Figure 3.8. High-c2 predictions ofR®/K and S=0 from low-c> parameters with the
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low-cz, dilute solution condition§8,10]. As the solutionis concentrated, the solution
behavior is expected to be heavily influenced by the steric contributions based on
general arguments from the statistical mechanics of liq&#196,142] Thus, the shape

of the molecule iexpected to greatly affect the way mAb molecules interact under
concentrated conditiongsee Chapter 2)The addition of shomtanged interactions

(either attractive or repulsive) then mediates preferentially interacting domains, which
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might lead to increses in viscosity as reported in previous work
[22,25,75,145,171,189]These two effects (enhanced skarged interactions and
packing behavior) are reasonably well captured by the HEXA and DODE@A&Imo

The results in Figures 3.5 and 3.6 allow one to obtain a small famif]
pairs that can be used to evaluate the predictive capabilities of the HEXA and DODECA
models at higkc. conditions as shown in Figures 3.7 and 3.8. This approach shows that
both models are capable of accurately predictimag simply regressing?®/K vs ¢z
profiles up to 150 g/L. Small qualitative differesoan be observed between the results
for the HEXA (Figure 3.7) and DODECA (Figure 3.8) models. While the HEXA model
shows smaller deviations at pH 5 than the DODECA model, the opposite fisrtpié
6.5. At pH 5, there is a noticeable deviation for values above 120 g/L for the DODECA
model where the predictd®*/K profiles decrease sooner with increas;adghan the
experimental data (Figure 3.8A). This behavior might be caused by the geofitaty
models and the ease of packing of each model. The HEXA model latlatedeads
on a single plane while the DODECA model increases the complexity of the model by
extending it to two planes (see Figure 3.1). This increase in geometrical gdynple
potentially adds stronger packing limitations at highfor the DODECA model.
Additionally, these two models were simulated by neglecting the flexibility of the hinge
region due to limited access to data that can be used to refine such behgy®ANS
or SAXS). The hinge flexibility might correct for this earlier decaRifiK vs ¢ for the
DODECA model by easing the packingonstrains of such moded as suggsted in
Chapter 2 However, the addition of a flexible hinge would pose additional

computationalchallengesn terms ofconvergence or precision of the simulations. That

95



would be further exacerbated if one permitted full chain flexibility and local unfolding

in the simulation$160,164,190]

3.5 Experimentaland Comput at i on alProfeiwktar&acbonsHar ot ei n
the IgG4 Molecule

Similar to the 1IgG1 molecule, SLS measurersemere performed to determine
R®/K profiles of the IgG4 molecule for similar solution conditions as for the 1gG1
molecule ¢f., Tables 3.1 and 3.5). Figure 3.9 shows the experimental results of
B22/B22,sTvs TISfor pH 5 and pH 6.5, all calculated for< 5 g/L. TheseB22/B22,sTVS
TIS profiles qualitatively differ between pH 5 and pH 6.5, and between both the IgG1
and the IgG4 moleculeét pH 5, B22/B22 stvalues decrease from 1.9 (frepulsive) to
around-0.25 (netattractive) asTIS increases for thégG4, while the same solution
conditions result in values between 1.9 to aro#n8 for the IgG1. Conversely at pH
6.5, the results in Figure 3.9 shopposite behavior for the IgG4 moleculeBagBoo st
values increase fror® to around0.25 with inceasingTISfor the 1gG4, while similar
solution conditions result in values between 0.9 (atTé8y to-0.5 (at highTIS) for the
IgG1. In agreement with the IgG1 molecule, increa3ikgby adding NacCl for the 1IgG4
leads to an eventual plateau in the magle ofB22 for TISvalues above approximately
300 mM in all situations. AdditionallyB2> values afl ISvalues above 300 mM were the
same for both pH values but became less attractive (less negative) with the addition of
sucrose, with similar highlSresults in the presence of sucrose for both pH values. This
is in good qualitative agreement with results in the previous sttisetespite their

guantitativedifferences.
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Figure 3.9. B22/B22stvalues as a function dfiiSfor the IgG4 molecule at pH 5 (main
panel) and pH 6.5 (inset) with added NaCl from 0 to 500 mM. Black
symbols represent data with only buffer and added NaCl while red symbols
represent the same solutions with 5% w/w added sucrose.

The results in Figure 3.9 allow one to conclude the followorglie 1IgG4: at
pH 5, this molecule experiences strong chanlgarge repulsions at oS, which are
screened aslSincreasesAs By, values are less negative than those of the IgGLIfr
> 300 mM, the IgG4 should be subject to weaker startjed nonelectrostatic
attractions than the IgG1 (at both pH 5 and pH 6d8)wever, the IgG4 experiences a
different pH dependence than the 19G1BagBz. sttransitions from 1.9 (strong ret
repulsive behavior) teb (strong netttractive behavior) upon titratidrom pH 5 to pH
6.5for TIS~ 10 mM, while it only decreases from 1.9 to 0.9 for the IgG1 under similar
conditions. As discussed in section fdthe 1gG1 this decrease iB22 can be partially
attributed to an overall decrease in effective proteargh as the pH approaches the pl
of this molecule (computed as 7.55 for the 1gG4 following). If all charges on the protein
surface were turnedff, the resultingB22/B22,stvalue would be that obtained BkS >

300 mM (around-0.25 for the 1gG4). Consequén an additional electrostatic
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phenomeno should be present at pH &5 the 1gG4 that is natignificantfor the IgG1.
By analyzing the charge distribution of the molecuale Figures 3.2 and 3.3), one can
seethat there is @hangen the charge sig o the Ch3 domain for both moleculdsy
titrating from pH 5to 6.5 However, the differences in chargeluesbetween the
outermost domains ¢/ V. at the top andCx2 and C43 at the bottom) is more
pronounced for the IgG4 molecule than the IgG1 mole€dasequently, the presence
of this strong charge dispgrican lead to the presence of straligples, which cate
conduciveto strong electrostatic attractions as observed at pH 6.5 for the[ Tg(4]
Although this might also be present on the IgG1 moledhle magnitude of these
dipole-effectsis not as strong as those for the IgG4. Therefore, the net eblagge
repulsion dormates theBy, results for the IgG1, leading to positi(seet netattractive)
B22 values in contrast to thiarge negativeB2 values for thelgG4. Similar dipole
dominated behavior can be observed for other protein solutions and it is shown for a
globularprotein in Chapter #5]. Finally, the addition of sucrose to the IgG4 solutions
also led to increases B2 as observed for the IgG1, and mostly dominaii &t 300
mM. This suggest a decrease in the effective hydrophobicity of tig&4 as
hypothesizedbove. This will bdurtherexploredin Chapter 5.

Figure 3.10 shows the experimerf&l/K vs ¢ (high-c,) results at pH 5 and pH
6.5 for the formulations presented in Table 3.5 and that correspond BaABg st
measurements in Figure 3.9. Additioyalihe sterieonly behavior for this molecule is
shown as a reference, as computed using the VE EoS model. The results in Figures
3.10A (pH 5) show tha®*¥K profiles for both buffer and sucrose formulations are net
repulsive R®YK values below the sterionly behavior) at lowc, conditions (below 80

g/L), but transition to nedittractive R®/K values above the steramly behavior) at
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much higher; values (>80g/L), withR®/K profiles for sucrose below (more repulsive
than) those for buffeonly underall ¢z values The addition of 100 mM NaCl results in
a substantial increase R®/K values above the steranly behavior across the whole
concentratiorrange, and greater than tREYK results of the IgG1. In contrast, the
results in Figure 3.10B (pH 6.5)ew that alR®/K profiles are netttractive. The buffer
and sucrose formulations show a steep incread®”iK values, to the extent that
solutions above 40 g/L could not be characterized as the scattering signal sharply
increases above the limits aftéction oravailable instrumentatio hisrapidincrease
in R®YK valueswith ¢, does correlate with the measuidvalues, and can be expected
from a strongly attractive systerihe addition of 100 mM NacCl results in a large
decrease ifR®YK values,but larger than the results of the IgG1. This further suggests
that the strong attractions are caused by strong electrostatic (and attractive) interactions
as shodrangedhon-electrostati@ttractions are weaker for the IgG4 than the IgG1. This
is in goodagreement with th8y2 results for the IgG1 and IgG8oth results at pH 5
and 6.5 agree with the lees (B22) measurements, as buffer conditions were always
more attractive than sucrosenditions, and increasinglS resulted in a decrease
(increase) imepulsions (attractions) at pHWwith the invers&@'ISdependencat pH 6.5.
Combining the results at low and high for the IgG4 shows a partial
disagreement in comparison to the Ig&&imilar By, values were obtained for
equivalent formulations at pH #r both molecules. Neagepulsive behavior was
observed across the whalerange at pH 5 without added NacCl for the IgG1, wBie
was less attractive for the 1IgG4 than the IgG1 at fAigconditions. Based solely on
B22 results, one might conclude thtae 19G4 is more colloidally stabled., less prone

to strong attractions) than the IgG1. However, this is not the case atlaigihe 1gG4
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experiences stronger attractions than the Ig&#& discussion abové)ighlighting the
need to measure thetemaction behavior of each molecule at theof interest and
avoiding the assumption that lowc; interactionsare directly predictive ohigh-cz
behaviorbecause thisinherently neglects the high entropy contributions that arise from

packing constints (seeChapter 2) and added interactions.
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Figure 3.10.R®/K values as a function af for the IgG4 moleule at pH 5 (A) and pH
6.5 (B)for buffer-only (black squares), 5% w/w sucrose (red triangles) and
100 mM NacCl (gray circles).Black symbols represemata with only
buffer and added NaCl while red symbols represent the same solutions
with 5% w/w added sucrose. The blue daslel represents the sterics
only behavior from the VEEOS.

Similar to section 3.4B2J/Bx2 st vs TIS values were compared betsve
experiments and simulations using the HEXA and DODECA models coupled with
MSOS simulations. This allows one to reconstruct ARP%r, y] surface responses to
obtain parameters that model the {omSLS results. This was first done at pH 5 and the
results are shown in Figure 3.11 for the HEXA and DODECA models, where the

experimental data and formulations are the same as thosetpdesefrigure 3.9 and
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Table 3.1.The shaded areas represent the simulBig@> stvs TISprofiles obtained

from ARD values below 20%These parameters were later used to predict-¢¥gh
behavior at pH 5 and the formulations in Table 3.5. Figure 3.:Mssha@omparison of

the experimental and predicted highR®/K results as a function @f using the HEXA

and DODECA modal Those are based on the TMMC simulations for the parameter
space obtained by fitting low data as explained above. As before,ghaded areas
represent the model predictions with the symbols representing the experimental data.
R®/K and the quantity §=0 - S=0,s7 are plotted as a function @b, with S=0,s1
representing the sternly zeroq structure factor calculated usitige VEEOS.

The results in Figur8.5, 3.6 and.11 show that the selected models (HEXA
and DODECA) with the selected force fields (Figure 3.1, equations 3.3 and 3.4, and
those in Chapter 2) are capable of modeBag(low-c2) behavior for mAb molecules
and conditions from netepulsive to mildly netttractive Bzo/B22,st> -1). Similarly,
Figures3.7, 3.8 an®.12 show that the resulting mode#s capturéhe highc, behavior
of both molecules. However, the current approache., ( assuming
low-c, parameters are constant and predictive of Hojgtonditions) is not always
accurate across molecules, swmint formulations and/or modelsUnder some
conditions,the DODECA and HEXA modelaccurately predicthe highc. behavior
(e.g, lgG1, both pi 5 and 6.5, NaCl). In some cases, the HEXA model performed better
predictions than the DODECA modetsd, IgG1, pH 6.5, buffer), andce versde.g,

IgG4, pH 5, NaCl). Conversely, none of the models were capable of quantitatively or
semiquantitativey predicting highc, from only lowc, parameters for certain
conditions, especially for the 1gGé.Q, 1gG4, pH 5, buffer). This highlights the need

for additional refinements with higty information as there are additional phenomena
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that can be alteredy increasingc. (e.g, a change in the countems and solvation

layers of the protein as the average profetein distance is reduced at higlh
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Figure 3.11.Comparison 0fB22/Bz2st as a function ofTIS between experimental
(symbols) and simulated vas (shaded areas) using the HEXA and
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In spite of the previous results, there are conditions where the current approach
does not apply for both low and high This can be seen in Figure 3.13, whgf#B2> st
vs TISvalues, andR®/K and &-=0- S=0,s7) VS C2 a pH 65 were modeled using the
DODECA model.Comparable resultazere obtained for conditions with the HEXA
model, so those have been excluded to avoid an excessive number of figures. In Figures
3.13A and 3.13B, one can observe that the DODECA model is incapable of

guantitatively capturing the experimentally measBefB.2stVvs TISbehavior and no
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parameter set was foutal result in less than 40% ARD for both panels. Consequently,
only those parameters that minimized the ARD and fit the meaBu#&l. sTvalues at
either 0 M NaCl or 100 mM were used tmnstruct Figures 3.13C and 3.13D. Here,
one can see that the model is incapable of predicting thechighavior for both buffer
and sucrose conditions. On the other hand, the model does qualitatively gredict
results at 100 mM NacCl, with large deviations as observed for some conditions at pH 5.
It is worth poining out that these conditions are highly attractive, with attractions being
caused by electrostatic interactions. Similarly, protein charges gsealy located on
the surface of the protein, and not in the center as assumed in the presentThalels.
canalsobe seen by thenphysically highy values in the inset of Figure 3.13A and
3.13Bas values of are expected to lie between 0 and 1 as this parameter is expected
to represent the change in effective charge due to agting. Strong netttractive
behavior is highly dependent on molecwaentation, proximity, packg and available
volume, solow resolution modelssuch as the HEXA and DODECA modetsge
incapable of capturing the highly complex natofstrong protein attraction$his can
be addressed with high resolution CG moddiiclv will be explored in section 3.8

The magnitude otheinteractionsobserved for the IgG4 aH 6.5 and lowrl'IS
conditions can be conduciwe phase separatiorhigh solution viscosityand other
physicochemical instabilities [17,19,23,25,145,173,191] Consequently these
conditions areavoidedduring the development of protein based soluti@espite the
model lacking enough resolution to accurately predict the-tidiehavior it was
capable oimodeling drong electrostatic attractions at |oMS and lowc; (see Figure

3.13, panels A and B onsequently, the HEXA and DODECA model can still be useful
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to interpret lowc, data for strongly attractive conditions similar to the approaches

explored in section 3.7.
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Figure 3.13 PanelsA and B: Comparison 0B22/B22,sTVvs TIS between experimental
(symbds) and simulated (shaded areas) values using the DODECA model
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PanelsC and D: High-c; predictions oR¥/K and &-=0 - S=0,s7) from low-

c2 parameters with the DODECA modal pH 6.5 and fobuffer-only
(black squares), 5% w/w sucrose (red triangles) and 100 mM NacCl (gray

circles)
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3.6 TMMC vs MSOS Simulations for Predicting High-c2 I nteractions

The computational approaalised to simulate higte protein interactions in
sections 3.4 and 3.5 relied on simulating hundreds to thousands of molecules in an open
box, and allowing for equilibratiof68,170] Although this is don& capture both the
energy and entropy contributions to the solution as a functiontofbetter assess the
effects ofincreasingce, this approach might not be ideal if one is more interested in
optimizing the time needed tubtaina predicteddata &t than the overall accuracy of
the prediction(within a reasonable value). In this situation, the approach taken by the
McMillan-Mayer solution theory becomes of interest, where a generic EoS can be
created based on a polynomial expansios, (the virid expansion) where the only
parameters needed are thecatled osmotic virial coefficientséeequation 3.7). These
virial coefficients can be computed using the MSOS algorithm as expliairsedtion
3.2.4.3 Consequently, this subsection explores tlability of using suchanapproach
to predict highc, behavior, by using the accurate results from the TMMC simulations
as the targeted result.

Figure 3.14 shows four illustrative cases for all the parameter sets obtained in
previous subsections for the XA and DODECAmodels. Here&=o0Vvs ¢ profiles were
computed using the TMMC algorithm or the MSOS algorithm coupled with truncated
versions of equation 3.7 (depending on the number of virial coefficients used) in
conjunction with equation 3.8, for the HBXand DODECA models. Figure 3.14
illustrates that the MSOS approacke ( using equations 3.7 and 3@)n replicatehe
TMMC simulation if one uses up to the fourth"f4virial coefficient and, in some
situations, the fifth (8) virial coeficient for conditions that exhibit neepulsion
(Figures 3.14A and 3.14C) to weak +atraction (Figures 3.14B) up to 150 gof

protein concentratian However, adding more virial coefficients needed to
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guantitatively capture conditions that exhitmbderate to strong nettraction (Figure
3.14D). This is also in agreement with previous analyses of themhgs of using

the virial EoS to capture solution behavior of concentrated sy$1et@s76,180]
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Figure 3.14.Comparison of the MSOS and TMMC approaches for case studies using
the HEXA (A & B) and DODECA (C & D) models. Black solid lines
represent the TMMC results, while red dashed, blue dotted, green dash
dotted and gray solid lines represent the MSOS resithsup to the 2,
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Table 3.6 shows the measug/B;> stvalues for each of thefmulations in
Table 3.5 and for both mAb molecules, and whether or not the MSOS approach equals
the TMMC approach up to 150 g/L within 10% relative deviattdere, t can be seen
that most conditions could be modeled with the MSOS algorithostly exclaing
conditions with the IgG4 at pH 6.bhis suggest that the presence of strong electrostatic
attractions require higher structural definition (see discussion above and in Chapter 2).
Table 3.6 also suggests a prelimin&y/Bz. st threshold to determm if the MSOS
approach is accurat€he MSOS approach was accurate for the IgG1 at pH 5 with 100
mM NacCl, but inaccurate for the IgG1 at pH 6.5 with 100 mM in comparison with the
TMMC approach. Consequently, the present results would suggest a VBBt st
>-0.2 as a limit at which the MSOS approach up to theirtal coefficient is equivalent
to the TMMC approach for, < 150 g/L. However, additional molecules and solution
conditions should be explored before a definite threshold is set.

Unfortunately, t is challenging to compare the TMMC and MSOS approaches
based on practical usence additional factorssuch as sampling optimization and
convergencearedifficult to predict for different, values. Hgh-c. conditions require
larger numbesof simulatedmolecules in the TMMC approach. Thiereaseboth the
time to convergence and tta¢al simulation time. Consequently, selecting one approach
over the other must be basetthe requirements of the usesing the MSOS algorithm
requires runmg a minimum of 4 or 5 molecular simulations (one for each virial
coefficient), while the TMMC algorithm only requires a single but more comprehensive
simulation. Consequently, if the goal is to obtain a siogteediction, it would be wiser
to run a sigle TMMC simulation without the need to corroboratieetherthe MSOS

approach is accurate. On the other hand, if a series of concentrations is desired, it would
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be wser to use the MSOS algorithmhen possiblde.g, B22/B22,st > -0.2) as ths
provides an analytical EoS with further flexibility. Finally, oneeds to consider that
the MSOS approach will not be able to provide additional information about the solution

structure at very highp, which is discussed in the following subsection.

Table 3.6. Viability of using the MSOS approach for previously discussed
formulations and mAb molecule

Molecule| Formulation | By2/Bzast | MSOS ~ TMMC?

lgG1 pH 5, buffer | 1.79 £ 0.08 | Yes
pH 5, sucrose | 1.86 + 0.13| Yes
pH 5, NaCl -0.18 £ 0.09 Yes
pH 6.5, buffer | 0.72 + 008 | Yes
pH 6.5, sucros¢ 0.87 + 0.09 | Yes
pH 6.5, NaCl |-0.35+0.05 No
lgG4 pH 5, buffer |2.0+0.1 | Yes
pH 5, sucrose | 1.75 + 0.08 | Yes
pH 5, NaCl -0.06 + 0.04 Yes
pH 6.5, buffer | -8.6+0.5 | NoO
pH 6.5, sucros¢ -7.1 +0.4 | No
pH 6.5, NaCl |-0.71+0.09| No

3.7 Domain-Domain Contact Mapsvia gij(r) from Molecular Simulations

Beyond modeling and predicting lewnd highc; interaction parameterg.Q,
B22 andGo2 values), there is additional interest in obtaining information regarding what
pair(s) of catacts are responsible for strong molecular attractions or repulsions. This
information could be further used to better engineer any protein of inf@8&192
194]. This can be achieved for any mAb molecule using domamain gj(r)

simulations(see section 3.2.4.4igure 3.15 shogtwo examples of(r) values as a



function ofcy, for G43-Ch3 and \i-VH domainpairs. These results can be transformed
into potentials of mean force and used to compute the minimum free energy upon
contact (within 1 nm) for each pair of domalomain interactions for the DODECA
model using equation 3.9. Figure 8.4hows the results for a purely attractive system

(i . e=Q) forgex = 10, 50, 100 and 150 g/L. Likewise, Figures 3.17 and 3.18, and
Figures 3.19 and 3.20 show the result for pH 5 and pH 6.5, respectively, for conditions
with only buffer (3.17 and 3.19) and with 100 mM added NaCl (3.18 and 3.20) applied

to the IgG1 molecule.
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Figure 3.15.Example ofg;(r) results for G3-Cu3 (panelA) and -V (panelB) pairs
at 10 g/L (black), 50 g/L (red), 100 g/L (blue) and 150 g/L (gr&ngets
correspond to the same conditions in main panel butyt!®.

As can be sen in Figure 3.15, there &snotable change gj(r) as a function of
c2. In the main panels of Figure 3.1Be likelihood of observing close contact (within
1 nm) between domains increases as a function of concentration fisivegonditions

for both the \, and G43 domains. This is likely driven by the reddcgpace among
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proteins at higtt, sincegj(r) representghe likelihood of having a given mAb domain
within a defined distance averagd over all other domains and moldes in solution
[148]. However, the likelihood of close contacts decreases as a functtipwioén only
shortrangednon-electrostati@ttractions are present (insets in Figure 3.15). This might
suggest a lintation inthe freepacking ofproteins at higke, conditions(e.g, crowding
effects[142]), leading to a decrease in the effective attractions among protein molecules
due to packing limitations as discussed in Chapter 2. This can be better seen by
analyzing Figures 3.18.20.

Figure 3.16 shows thandemetattractive conditions, there is a high likelihood
of observing favorable (negative energy) contacts involving the outermost external
beads (&3, Vi and M. domains) such us{3-Vy, Vi-Ch2 and \(-Chl contactpairs,
among others. This is highligkd by red filled areas in Figure 3.16. However, this
likelihood decreases with increasingdespite the molecules only experiencing steric
repulsions and shoeranged non-electrostatic attractions, in agreement with the
observations in Figure 3.Xset9. Moreover, the interactions between externa3(C
VL and W) and internal (G2, G41 and Q) beads transition from favorable at 10 g/L
(red colored in panel A), to unfavorable at 150 g/L (blue colored in panel D). Similarly,
all internal beads (2, G41 and G domains) experience weditvorablecontacts at
low c2 among themselve® g, C12-Cnl, G41-CL contactsetc), which transition to
unfavorable (positive energy) contacts at higierThese results for the potential of
mean force upon contacirfapurely attractive case suggests that there is a significant
entropy penalty for internal beads to interact due ¢optdcking limitations inherent i
the elongated shape of a mAb molecule. Additionally, this entropy penalty increases at

higherc, values.
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The addition oflike charges to all thproteindomains might lead to the case
represented in Figure 3.17. For strongly repulsive conditions, there is very low
likelihood of observing close contact among protein beads atd@s seen in Figure
3.17A. Inceasingc, leads to a decrease in the contact-rergy (more favorable
interactions) across external beads as seen in Figure 3.17D. Similarly, the likelihood of
these contacts follows the charge distribution shown in Figure 3.2. The charge of the V
doman is lower than that of theMdomain, which is lower than that of theZdomain.

This can be seen Figure 3.17where the molecules have a tendency to first orient their
V. and W domains into contact as increasesfanelsA vs B) before including G3
domains panelsB vsC). Additionally, alower interactionfree-energycan be observed
involving VL domains than any other intdomain interactions (C & D) at higt, in
agreement with this domain having the smallest charge. This leads to a peeferenc
VL domains to interact with themselves. This is of relevance in cases wheoendins

are more aggregation prone, so preventing their likelihood to interact closely might
decrease the aggregation rates of a protein as a {iHAg 92] Similarly, this can be

the case for the (3 and \{; domains as these are epsttal domainsDueto their higher
charge value and the entropy penalty mentioned above, only unfavorable contacts
between internal beads is observed across the whi@age in Figure 3.17.

Figure 3.18 shows the effect of partially screening the chehigege repulsive
interactions with increasing@lS. Here, it canbe observed that interactions between
external beads is favorable across the wlmleange, with interactions involving
internal beads only being relevant at lawin agreement with the resuitsFigure 3. 5.

This is in part due to the entropy penalty mentioned above and the higher charge values
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of the internal beads, which lead to less favorable contacts in comparison to external
beads as also observed in Figure 3.17.

Figures 3.19 and 3.20 shdhat a change in the charge distribution can change
the preferential interaction map. Figure 3.2 suggtsit the G3 domain transitions
from positive to negative charge from Figure 3.17 to Figure 3.19, which leads to
preferentially attractive interactis wih all the other domains in the molecule. This can
be seen in all four panels in Figure 3.19, where the interaction energy between any
domain and €3 domain is always lower than for the same domain interaction with a
nonCx3 domain. This behavior wadserved for the Vdomain in Figure 3.17 due to
the change icharge values, and this highlights how changes in the charge distribution
(e.g, by mutations, chemical degradation or pH titration) can cause a shift in preferential
interactions across proteidomaing[23,111,192,195]As observed in Figures 316
3.18, only external domain contacts are favorable atdifr Figure 3.19, once again
highlighting the entropy penalty that arises from the packing const@iperienced by
these molecules. Finally, Figure2® shows that screening chaigf@rge nteractions
leads to a map thatosely resembles Figure 3.16, with small modifications caused by
the charge values as mentioned above. This is expected as any contact map should
converge to Figure 3.16 (or its equivalent depending on the valig) @fs charges are
heavily screened and only shosinged non-electrostaticattractions dominate the
interactions across domains.

Interestingly, the contastbetween internal beads.q, C42, G4l and Q
domains) were observed to be unfavorable acrods/thstudied conditions, including
cases that are nattractive (Figures 3.16, 3.18 and 3.20). These results were obtained

for the condition where all beads have the same-shngedhonelectrostati@ttraction
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strength. Consequently, a highly energetontribution must be present between
internal beads to overcome this entropic penalty if one experimentally observe
preferential contact across internal domains. Additionally, if internal contacts were
experimentally present at higtp, there would be atrong energetic penalty for
disrupting such strong domadomain interactions. The contribution of these strong
internal interactions coupled with the shape of these protein molecules might be
responsible for the formation of stable protein networkseprghase separation and
high solution viscosity abas been observed and hypothesized for some mAb solutions
in the literature[40,75,78,124,171,172,1B699]. Interestingly, the results presented
here suggest that it would be possible to identify favorable contacts between beads at as
low as 10 g/L of protein concentration, and that this behavior might be predictive of the
high c2 behavior. Although these five figures are not expected to represent the whole
experimental space for all mAb proteins, the results presented irchtherare
expected to highlight howninor changesn the chemical identity of some protein
domains might affect the overall satn behavior of a mADb solution.

The results from Figures 3.4%20 are shown as cases of study and potential
uses for the HEXA and DOECA models beyond zem limit (SLS) data.
Consequently, additional experimental data with higher structural resolution might be
neeckdto better understand domagiomain preferential interaction. One possibility is
using SAXS and SANS experimerj8,34,200] However,additional refinement of
the models is required for this to thee case. This is out of the scope of this dissertation,

and potential useand exampleare discussed i@hapter 7.
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Figure 3.16.Domaindomain contact map for attractive conditiotgr(= 0.72 lgT,
y =0) and forc; equal to 10 (A), 50 (B), 100 (C) an8@ (D) g/L.
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Figure 3.17.Domaindomain contact map for a condition that fits the 1IgG1, pH 5, buffer

conditions ($r = 0.72 IgT, y = 0.48,TIS= 6 mM) and forc; equal to 10
(A), 50 (B), 100 (C) and 150 (D) g/L.
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Figure 3.18.Domaindomain contact map for a conidi that fits the IgG1, pH 5, 100
mM NaCl conditions gr=0.72 lgT, y = 0.48,TIS= 106 mM) and for;
equal to 10 (A), 50 (B), 100 (C) and 150 (D) g/L.
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Figure 3.19.Domaindomain contact map for a condition that fits the 1gG1, pH 6.5,
buffer conditions {r= 0.72 IgT, y = 0.9, TIS= 10 mM) and for; equal
to 10 (A), 50 (B), 100 (C) and 150 (D) g/L.
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Figure 3.20.Domaindomain contact map for a condition that fits the IgG1, pH 6.5, 100
mM NaCl condition (= 0.72 kT, y = 0.9, TIS= 110 mM) and forc,
equalto 10 (A), 50 (B), 100 (C) and 150 (D) g/L.

3.8 Capturing B2z Behavior with an Amino Acid Resolution CG Model

To assess whether or not the anisotropic surface distribution of charged residues
can predict the transition from repulsive to strongly attractigetelstatic interactions
from pH 5 to pH 6.5 for the IgG4 molecuB2/B22 stresponse surfaces were calculated
by computingBz2/B22 st as a function ol$g, y and TIS using the 1bAA model as
explained in section 3.2.3.2. The value k was selected to assure that accurate
B22/B22,sT values would be obtained at highS conditions for both mAb molecules.

Figure 3.2 shows the results of evaluatiBg,/Bz st as a function of$r for a system
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with no electrostatic contributions ( e = 0). Rygure 3.2 shows that the 1gG4
molecule is more sensitive to valuedgfthan the IgGolecule as the same value of
Ur provides lower (more negativBy,/Bs2 stvalues for the IgG4nan the IgG1Since
the experimental results in Figures 3.4 and 3.9 combined would suggest tBai the
values for the IgG4 molecule are higher (less attradtingg) the IgG1 molecule at high
TISconditions (above 300 mM), the resuitidigure 3.2 suggest that the value fos

to properly model the experimen/Bz2 stresults is lower for the 19gG4 moleculég

= 0.44 leT) than for the IgG1 moleculéyz = 0.50 kT). Similarly, the results in figure
3.21 would suggest that the IgG4 molecule is more sensitive to peitba G than

the IgG1 molecule. These resudisosuggest than the 1bAA model migtan capture
the non-electrostatidendencies of protein molecules. Additionally, the discrepancies
between low and higte combined with the current ressiinight suggest that nadeal
cosoluteprotein interactions are present in the protein solutionsntiaé&es the 1gG1
behave morattractivelythan the IgG4 at pH 5 and 6.5 at lapand highTISconditions
but change with increasing. A framework to anlgze these interactionsvill be
explored in Chapter 5.

After finding a value of$rthat can model the neglectrostatic contributions to
B22/B22,sT, response surfaces can be construct&d£B,> stas a function of andTIS
These response surfaces are expected to show one of three limiting cases, depending on
the degree of anisaipy of the surface charge distribution: (1) monopole dominated
behavior, such thaB»J/B2st is large and positive at lowlS and decreases
monotonically with increasinglS(e.g.,Figure 3.4); (2) multipole dominated behavior,
such thaB22/B22,s7is large and negative at IoWS and increases monotonically with

increasingTIS (e.g, inset in Figure 3.9); (3B22/B22,st shows a transition between
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monopole and multipoledominated regions ag increases. This behavior could also
be observed as a function 1S at a fixedy value However, the experimental
measurements had previously set the valu&lfgrso the discussion below is developed

from the perspective of as a degree of freedom.

BZZ.hp/BZZ,ST
N
1

0.50
0.30 0.34 0.38 0.42

g (k,T)

0.46 0.50

00 01 02 03 04 05 06 07
&g (K;T)

Figure 3.21. B2 as a function ofgr using the 1bAA CG model the IgG1 (gray) and the
IgG4 (black) molecules.

The shape of the response surface should depend on the solution pH as well as

the protein sequence and structure. Because these are CG models ugtitgotyant,

the effective values foy and Ur can be modified experimentally by changing the
properties of the solution e.g, by adding additional excipients that mediate pretein
protein interactions, as well as by specibto effects that lead to gferential exclusion

or accumulation of ions near the protein surf@ese Chapter S5Figures 3.2 and 3.3

show the response surfaces for pH 5 and pH 6.5, respectwethe 1gG1 and IgG4

using atomistichomology models provided by BMS. The two figsirghow that the
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IgG1 and IgG4 exhibit a case of monopole dominated behavior (case 1 above) at pH 5,
and this behavior continues for the IgG1 at pH 6.5. However, the 1gG4 experiences a
multipoledominated behaor at pH 6.5 (case 2, aboveJlhese results arin
guantitative or serajuantitative agreement with measui®d/B2> st values (Figures

3.4 and 3.9), and provides further evidence that the charge distribution of both molecules
are dominating their interaction behavior. Finally, these results suggéstis type of
response surface has the potential to be used more generally as a tool to assess how
anisotropic surfaceharge distributions affect proteprotein interactions without
arbitrary definitions of c¢hardanisdirppct c hes o
interactions that are difficult to generalize, and allows one to better infer the effect of
point mutations in the overall colloidal stability of the molec{dd1,153,192]
However, this model is currently limited to lesw simulations as it would be
computationally intractable to apply the TMMC approach to this molecule with current

computational infrastructures.

A} B,/ Bose

Figure 3.22. B22/B22 stresponse staice of the 1bAA CG model as a functoionyoand
TISfor the IgG1 panelA: (3= 0.5 ks T) and the IgG4ganelB: (4r= 0.44
ksT) at pH 5.
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Figure 3.23. B22/B22 stresponse surface of the 1bAA CG model as a functignasfd
TISfor the IgG1 panelA: Br= 0.5 kgT) and the IgG4fanelsB andC:
Ur= 044 ksT) at pH 6.5. Panel C is a zoomiedversion of Panel B with
a differentB22/B22, strange for easier visualization.

3.9 Summary and Conclusions

Static light scattering -pr@en intemctiahs t o
of two mAbmolecules as a funtion of ¢z for a range of pHndTISvalues, and sucrose
concentrationThese included conditions that resulted in bothraptilsive and net
attractive protein interactions at IoMS, and at lowto high-c> conditions. Two coarse
grained molecular modelwere tested to evaluate their potential to predict excess

Rayleigh profiles and zefg structure factors at higte. Additional domairdomain
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preferential contact maps were built based on simulations of radial distribution functions
and potentiad of meanforce Low-c. results showed that the Ig&id IgG4molecules
exhibits netrepulsive behavior at loWlSand pH 5, which transitions to rettractive
behavior as the solutiofilS increases. At pH 6.5, the IgGihtibody showed weakly
netattractive behaviofrom low to highTIS Conversely, the IgG4 showed strong-net
attractive behavior at lowlS caused by strong electrostatic attractiohtshigh TIS
(>300 mM), statistically equal values were found at both pH conditions, with weaker
attractions observeai the IgG4 than the IgG1 in thiSregime.For all measured pH
andTISconditions, the addition of 5% w/w sucrose to the solution induced weaker net
attractions with increasinglS. This behavior was also observed at hgghwhere
formulations with 5%w/w sucrose always resulted morerepulsive behavior. For
conditions without sucrose presamid at highc,, bufferonly formulations shifted from
netrepulsive behavior (relative to stewaly interactions) at pH 5 to nattractive at

pH 6.5, while femulations with 100 mM NaCl resulted in regtractive behavior
relative to steric contributions at both pH valwesd for both moleculedDomain
domain preferential contact maps skaWthe added potential of these lo@asolution

CG models to provide addinal domainbased information that can be used ttidre
engineer proteins with goarblloidal stability. Finally,the 1bAA model was used to
identify if anisotropic charge distributions were responsible for strong attractions for the
lgG4 at pH 6.5. Theesults obtained from the 1bAA model quantitatively and
gualitatively agree wit those measured experimentally, and demonstrated that the IgG4
molecule transitions from repulsive electrostatic interactions at pH 5 to attractive
electrostatic interactionst gogH 6.5 solely based on the molecule sequence and

homology model.
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In terms of model predictions from low to high the quantitative differences
were not statistically significarfor netrepulsive to weakly nedttractive conditions
and therefore bottmodels could be used to accurately predict {ugtoehavior
depending on the requirements of the usay,(computational burden and molecular
features). However, the HEXA and DODECA models failed to predict high
interactions based only on legy paraneters for strongly attractive conditions.d,
IgG4 at pH 6.5). An additional approach using the MSOS algorithm to compute osmotic
virial coefficients was tested and found to mimic the results from the TMMC algorithm
for conditions wherd3,2/B22 st> -0.2. The simulations results showed that both CG
models, the HEXA and DODECA models, were able to quantitatively or-semi
quantitatively predict the experimental data based solely on parameters obtained by

combiningBz2 vs TISexperimental and simulated datallected at lowc,.
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Chapter 4

PREDICTIONS OF PROTEIN -PROTEIN INTERACTIONS OF A

GLOBULAR PROTEIN AT HIGH CONCENTRATIONS WITH

MOLECULAR SIMULATIONS AND LOW CONCENTRATION
EXPERIMENTAL MEASUREMENTS

4.1 Introduction

Chapters 2 and 3 discussed the potential of usfBgrodels to predict highy
A we a k 0 -pmteio interactions for mAb solutions using solely {oyexperimental
information and structural information froavailablecrystal structures. This chapter
further examines the challenge of using CG modelsreédigt experimental protein
interactions Yia excess Rayleigh scattering) from low to higHor a globular protein.
The excess Rayleigh scatteringR®{K) profiles of a model protein,
U-chymotrypsinogen A (aCgniire experimentally determined as a fimiof pH, TIS
andc,. ExperimentaBy. values are used to parameterize potential of mean force (PMF)
models as a function ofFIS and pH, in terms of the strength of shahgednon
electrostaticattractions, the effective net charge, and the effectipeleimoment of
aCgn at a given pH. The model parameterization is done without knowledge of the high
c2 behavior, as done in Chapter 3. The experimental-tigRf¥/K results are then
predicted using the low. parameters for the same PMF models in trassithatrix
Monte Carlo simulations. The results are discussed from both qualitative and
guantitative perspectives, highlighting strengths and weaknesses of the approach for
repulsive and attractive conditions. Finally, a higresolution coarsgrained (CG

model is used to rationalize and potentially predict the qualitative change from repulsive
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to attractive electrostatic interactions, without the need for defining or assuming the
exi stence of rel evant charged f ptopic hes o
surface charge distributions. The experimentdh daesented in thishepter were
adapted from a previously published waridthe all theresults have been published in

a peefreviewed journaj201].

4.2 Material and Methods

4.2.1 Buffer and Protein Solutions Preparation

Sodium phosphate buffer stock sadus were prepared by dissolving sodium
phosphate monobasic anhydrous (Fisher Scientific, Fair Lawn, Ni&ionizedwater
(MilliQ, Millipore -Sigm3g to reach 5 mM sodium phosphate, and titrated to pH 7.0 =
0.05 (termed pH 7 below) using a 5 M sodium hydte solution (Fisher Scientific).
Stock sodium acetate buffer (40 mM) was prepared by dissolving anhydrous sodium
acetate (Fisher Scientific) and glacial acetic acid (Fisher Scientific) in distilled,
deionized water and titrating to pH 5.0 £ 0.05 (terrpedS below). Stock salt buffer
solutions for both pH 5 and pH 7 were prepared using the same procedures as above
with the gravimetric addition of 10, 50, 100, or 300 mM NaCl (Fisher Scientific). All
buffer solutions were filtered and stored at 4 °C poauge.

Bulk protein solutions were prepared from 5X crystallized lyophilized aCgn
(Worthington Biochemical, Lakewood, NJ) dissolved in stock buffer solution (pH 7) to
a protein concentration of ~15 g/A.stock solution of 35 g/L phenylmethlylsulfonyl
fluoride (PMSF) was prepared by dissolving PMSF (Fluka Chemical, Ronkonkoma,
NY; SigmaAldrich, St. Louis, MO) in 100% anhydrous ethanol (Decon Labs, King of

Prussia, PA). The bulk aCgn solution (40 atl~15 g/l) was treated incrementally (in
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250 pL aliquots)with 1 mL of 35 g/L PMSF (10x PMSF mole excess) in order to
deactivate potential proteolytically active residual proteases in the commercial material
[45]. The resulting protein solutions were then filtered and dialyzed using 10 kDa
molecularweightcutoff (MWCO) dialysis membrane (Spectr/Por, Spectrum
Laboratories, Rancho Dominguez, CA) the desired buffer with four 12 buffer
exchanges at 4°C to remove any residual salt impurities from the commercial protein
material.

Concentrated protein stock solutiorslQ0 g/L) were preparedy membrane
centrifugation at 3200 RCF using 10 kDa M@®O AmiconUltra centrifugal tubes
(Millipore). UV-VIS spectrophotometry (Agilent 8453, Santa Clara, CA) was used to
determine the protein concentration using a wavelength of 280 nm witktinatien
coefficient of 1.97 Lg* cm! [202]. Lowerc, protein samples were then prepared by
gravimetrically diluting the concentrated proteifusion in the desired buffer to obtain

c2 values ranging from 1 to 100 g/L.

4.2.2 Static Light Scattering M easurements

Static light scattering (SLS) experiments were conducted using a Wyatt
Technology (Santa Barbara, CA) DAWN HELEOS Il instrument with laser agéh
of 658.9 nm at a temperature of 25Khe same methodology employed in Chapter 3
was used here (section 3.2.2). In summ@g,values were approximated &8> in
the limit of dilute protein concentrationse(, c2 < 10 g/L). A negative (positiveGz2
value is equivalent to a value 8f-0 below (above) 1, corresponding to ‘mepulsive
(netattractive) interactions relative to an ideal gas mixture. Correspondingly in dilute
solutions, positive (negativ&p: indicates net repulsion (attractiom)ative to the ideal

case of two nointeracting point particles.
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4.2.3 Transition Matrix Monte Carlo Simulations and Simulated R®/K Values
Transition natrix Monte Carlo (TMMC) was used to compute excess Rayleigh
ratios R®) and zereg limit structure facts (§=0) as a function of protein
concentration. Details of the methodology are the sanresesction 3.2.4.2. An initial
uniform distribution was used f&#(N2), and the updated distribution was subsequently
reconstructed at the end of each cycle untibnverged to the equilibrium distribution,
with each cycle being defined as®1C attempts. A MC attempt consisted of one of
the following randomly selected moves: a translation, a rotation (for CG models with a
dipole, see below) or a molecule insemtmr deletion. Regular movements (translations
and rotations) representeide initial 30% of the MC attempts, while deletions and
insertions represented the other 70%e £mperature was kept constant at 298.15 K.
Preliminary simulations were used to fiad adequate value of the reference chemical
potential, depending on the choice of the interaction model (see section 3.2.4.2 and
below). A box length of up to 180 nm was used and the simulation box was started with
an empty system. The final scalB8/K values were obtained by using equatio8
with aMy value of 25.7 kDa and assuming tNat,appd Mw. This might lead to an initial
uncertainty as high as 5% depending on the meaddikegh at low-c, (seeChapters 2

and 3, and resultselow)[23,29,81]

4.2.4 Interaction Potential Models

TMMC simulations were carried out using PMF models as pairwise additive
force fields, as is typically done in colloidsimulations and as in Chapters 2 and 3
[27,61,76,77] These were based on a classical spherical model that included a square
well potential (usw) to model steric repulsion and shoangel nonelectrostatic

attraction é.g, van der Waalshydration and excluded volume effedts48]:



Hh 1,

o | - h - (4.1)
mh € ®i 0 Q

and a screened electrostatic potentiad) (decomposednto three contributions
monopolemonopole interactiondalfg), monopoledipole interactionsyg § and dipole

dipole interactionsi § [76]
0 0 0 0 (4.2)

The electrostatic interactions in equation 4.2 were modeled using the equations
shown by Bratkatal. (equations 47 inreferencg76]) andreproduced in Appendix A.
In equation 4.1, the parameters of interest are thewidth (asw), the weltdepth or
strength of shoftangechonelectrostati@attractions (i), and the effective harsphere
diameter of the protein). The value ofl was selected to provide an accurate value of
the steric contribution t822 (B22,s7) S0 as to ratch the value reported for an-atbm
structure of aCgsee Chapter 2 he resulting value afwas 4.65 nm based on results
published by Grinberget al [63]. aswwas set to 1.1, giving an effective range of-non
electrostatic attractions equal to 4.65W, was used as a fitting/tuning parameter as
done in Chapter 3 witkr (the differentsubscript was used to highlight the different
nonelectrostatic potential used in this chapter compare to Chapter 2 afthe3)
parameters that dictate the contributions franare the effective net charg®«) and
the effective dipole moment of thegbein €err) in solution (see Appendix A).he
values ofQefr andeess were determined using the procedure below.

The formal definition 0Bz is given in equation 1.1, whevex(cY 0, 1y 2)g q

is the PMF between a pair of proteins before any averaging ofidrgationdependent
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contributiong59,76,148] It is evaluated in the dilute limit (denoted®y 0), such that

multi-protein interactions are irrelevgi31,148]

0 Oomh fmm o6 i 6 1 fmhm (4.3)
This PMF is a function of the intgrotein distancer(), and two orientational degrees
of freedom 1, 2)gHowever, these tworientational degrees of freedom can be pre
averaged by computing an orientataveraged Boltzmann factor of the interaction

potential, as shown in equation I/]. In this sense, equation 1.1 can be reduced to a

onedimensional integral with respectitg

0 ®Oo mh
g 0 Qi 4.4

Aob R
This allows one to comput®,> more efficiently using numerical integration to solve
the integral in equation 4.€onsequently, an orientati@veraged dipole equation was
used to computB. values[76]. The electrostatic interactions were decoupled into an
orientationindependent interaction (monopeteonopole) and an orientatikaveraged
interaction (monopoldipole and dipolaipole interactions) using the mathematical
models proposed by Bratled al. (equations 9 to 22 ireferencg76] andreproduced in
equationsA.8 toA.12 in AppendixA). The orientationalveraged electrostatic model
involves the same adjustable paramet®g:andees. B2> was subsequently obtained

by numerical integration of equation 4.4 using MattagMathworks Inc., Natick, MA).

4.2.5 B2z2from a High-Resolution CGModel Coupled with Mayer Sampling
with Overlap Sampling

A structurally highresolution CG model was used evaluatewhetherthe

anisotropic distribution of charges would be expected to lead to multipole dominated
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behavior(see Chapter 3)The previously developed oibeadperamino acid (1bAA)
model was used to compuB> using the Mayersampling method eploying the
overlap sampling algorithm (MSOS), as in Chapter 3. The updated 1bAA force field
propased in Chapter 3 was used hélrbis is written in simplified notation and shown

in equations 3.4 and 3.5, with additional parameters in TablexX@mmarythe 1bAA

model treats each amino acid as a single bead, and the dpargg) for a given amino

acid resides at the center of that bg]. Charges reside in the center of the gidain

bead for charged amino acids. Based on nominal pKa values, at pH 5, all D and E amino
acids are approximated as having a chargg,afhile all H, K, and R amino acids have

a chage of +1. For pH 7, the same charge states apply for D, E, K, and R amino acids,
while H is neutral.

The same methodology employed in Chapter 3, section 3.2.4.1, was used here:
MSOS simulations were performed at constant temperature (298.15 K) WiMQ.0
attempts for both the reference system and the interaction model of interest. Each MC
attempt consisted of either a translation or a rotation around the center of mass of the
molecule. The maximum displacement and rotation for a given step was obtaimed wi
a preequilibration step of TOMC attempts to obtain an acceptance ratio of 50%. The
stericonly behavior was used as the reference, so the simulation directly returned
B22/B22,s1, and no subsequent rescaling was needed. The strength efestgetinon-
electrostaticattractions(i.e., van der Waals and hydrophobitdr, was first evaluated
to find a value that fits experimentally measured valuesTi&> 300 mM. This
parameter was held constant for the following simulatiBagB.2 stwas calculated for
yi values between 0 and 2 in increments of 0.2, d8d/aluesof 10, 60, 110 and 300

mM (see equation 3.4 and Chapter 3 for more information). For simplicigy,\allues
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were treated equal, so the teyms used instead in the remainder of this chapter to
represent an average charge correction for all side cl&msilatedB,2/B22 stvalues

were used to build surface response plots for further analysis as in Chapter 3.

4.2.6 AverageRelative Deviation (ARD) Calculations andM odel VValidation.

To evaluate the effectiveness of colloidal models to fit or prediceemental
weak interactions, the average relative deviation (ARD) was calculated for any given
data set as shown in equation 3.10. As the value of ARD is a measure of the average
deviation between the model and the experimental data, a cutoff valuebé&¥%eand
25% was used below as the criterion for considering a prediction to be quantitatively
accurate, as this average deviation can be considered a conservative estimate of the

model prediction uncertainty.

4.3 Interactions at Dilute Protein Concentrations

SLS was used to determine excess Rayleigh scattdRitiegl) as a function of
c2 for aCgn solutions at a range of solution conditions. Figure 4.1 shows experimental
R®/K vsc, as a function of pH and NaCl concentrationdox 10 g/L reproduced from
referencg201]. TheR®/K vsc; profiles differ qualtatively between pH 5 (panel A) and
pH 7 (panel B). IncreasinflSby adding NaCl decreases the upward curvaturREIK
vscz at pH 7, while it decreases downward curvature at pH 5. Upward (downward)
curvature for R®/K vs @ in Figure 4.1 indicates natttractive (netepulsive)
interactions. The highilS conditions at pH 5, andll the pH 7 conditions, show net
attraction. Conversely, pH 5 conditions show repulsive interactions atll8wr his

indicates that screened electrostatic interactionprasent at both pH conditions.
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Figure 4.1. Excess Rayleigh scattering as a function of protein concentration for
sodium acetate at pH 5 (panel A) and sodium phosphate at pH 7 (panel B),
with increasingT IS as indicated by the arrows. Lines represent the fits to
equation 1.9.

The data in Figure 4.1 were used to regress valuddwabp and G22 from
equation 1.9 for aCgn at each of the solution conditibhgpp Wwas not found to be
statistically different fronM\ of aCgn (25.7 kDa) in all buffer conditions (Figut.2A).
That is, the normalized apparent molecular weights 6/Mw) were approximately
equal to 1, indicating that no measurable aggregation or sedoirie noAdealities
were present. Th&;, values were used to calculd®ey/Bzo,st, using the rel@onship
B2o=-G22/2. A value ofB22,st= 4.9 mL/g was used as per Grinbergeal. [63], ard
was treated as independent of solution conditions. On this scale, valBe#Bof,st
larger (less) than 1 indicate frepulsive (netttractive) interactions beyond steric
repulsion. As in the earlier chapters, the termsregtiisive and neattractve will be
used relative to the steranly value {.e., B22/B22,st = 1) rather than the value for an

ideal gas mixturei.e., B2o/Boo,st = 0) [23,59,148]
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The resulting values @>2/B2o,sTare plotted in Figure 4.2B as a functionTo®.
The values in Figure 4.2B illustrate that the nature of prgimitein interactions is
qualitatively different at pH 5 and 7. Adw TIS B22/Boo,st decreases with increasing
pH, consistent with decreasing the net protein charge as pH values approach the pl of
the protein. The theoretical relharge of aCgn is +5 and +9 at pH 7 and pH 5,
respectively s calculated using the amincidhsequence for aCdi5] in PROPKA
[203]). At pH 7, B22/B22,st was lower than 1 for allllS indicating nefattractive
interactions. Additionally, th®,2/B22,sT values increase (become less negative) with
increasing TIS This indicates that attractive electrostatic interactioostribute
strongly to the interactions, and this is likely due to dipole or higher multipole
interactions that presumably overcome monopoteopole repulsions[154].
Converselyat pH 5 the interactions are strongly-nepulsive B22/B2o,st>> 1) at low
TIS and this changes to slightly reitractve interactions with increasinglS. This
trend is consistent with canonical behavior for screened morapmepole
interactions between charged spheres that have -tmyéd non-electrostatic
attractions as in Chapter 3. Overall, the interactions ati@md lowTISfor aCgn are
dominated by screenedlectrostaticinteractions at pH 5 and Ayith primarily
monopolemonopole repulsions at pH 5, and dipole or multipole contributions
dominating closer to the isoelectric point (pl) at pH 7. At high bah pH 5 and pH 7
conditions result in quantitatively similar valuesB and show weakly nedttractive

behavior B2o/B2o,sT near-1).
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Figure 4.2. Normalized apparent protein molecular weigiis, fo/Mw, panel A) and
second osmotic virial coefficienBf2/B22,st, panel B) at pH 7 (red circles)
and pH 5 (blue rectangles) as a functiod 8. Error bars represent 95%
confidence levels from fitting equation 1.9.

4.4 Modeling Weak Protein-Protein Interactions atL ow c2

The orientatioraveraged interaction models rided by Bratkoet al. (see
Appendix A) were used to regress model parameters based on the m8asuadukes
as a function ofTIS (Figure 4.2B)[76]. The data for pH 5 indicated predominantly
screened monopoimonopole interactions at loWS. Consequently, thBzo/Boo,stdata
at pH 5 were fit to an electrostatic model that only included riyqaulslectrostatic
interactionsi(e., €eff = 0) along with shortangedhon-electrostati@ttractions and steric
repulsions. Based on the strongly attractive electrostatic interactimenein Figure
4.2B at pH 7B22/B22,sTvsTISfor those conditions were fit to the screened electrostatic
model that included monopelaonopole, monopoldipole and dipolalipole
interactions. This was done as a fostler approximation to capture the experimental
results at both pH values. As noted in the Methods section, the monopole model has two
fitted parameters §w and Qer), and the monopole + dipole model has three fitted

parameterstw, Qest andeer).
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Figure 4.3A shows the best (solid line) for the PMF models to the pH 5 data,
with confidence intervals from a 10% ARD shown as dashed lines. The inset tiwow
response surface of ARD from the model Bfz/B2o,st vs TIS relative to the
experimental results, as a function@f and Qesr. Figure 4.3B shows the analogous
results for pH 7 with confidence intervals from a 10% ARD as dashed lines, and with
theinset showing the response surface of ARD as a functiQarsandeesr. For the pH
7 response surface, the number of parameters was reduced from three to two by using
theB22/Boo,sTVvalues at pH 5 and pH 7 at the highBiSvalue to obtain a common vau

of Bw=1.7ksT s0 as to capture the plateau valuBsfBzz,stvs TIS

ARD (%)
100%

ARD (%)
100"

£

a
~ 675

s 88888 3 g 8
F &§F & & EFFFF

TIS (mM) TIS (mM)

Figure 4.3. Parameter optimization of the PMF models (solid lines) with the
experimental results from Figure 4.2B (symbols), as a functionl®f
Panel A: pH 5 with minimum ARD line sbwn atly = 1.87ksT, Qetr =
3.4 and dashed lines indicating range of values obtained from 10% ARD
calculations (gray area in inseéPanel B: pH 7 withGw = 1.65ksT, Qet =
4.2, et = 693 D and dashed lines indicating 10% ARD range from inset.
Insets surface plots of ARD for computed and experimeBtalvalues
across the range aliS, as a function oty and Qes (pH 5, panel A and
Qeff andeert (pH 7, panel B.



The results in Figure 4.3 show that the simple spherical description of aCgn is
able toqualitatively and quantitatively capture the experimem®alBoo,st vs TIS
behavior. Additionally, the value for the dipole momemi) of aCgn at pH 7 (693 D)
calculated from these model fits is seguiantitatively similar to values previously
reportel by Velevet al. (518 D) as well as calculations done using the approach
described by Feldest al. (553 D)[41,204] The next subsection addresses the question
of whether this interaction model cpredict highc. behavior if it is used to extrapolate

to high-cz conditions for aCgrsimilar toChapter 3.

4.5 TMMC and Simulated Excess Rayleigttcattering at High c2 and pH 5

TMMC was used to test whether the PMF models that were fit atd@auld
be predttive of highcz behavior, specificalfR®/K vs @ beyond the dilute limitd; >
10 g/L). ExperimentaR®/K values at higlt, were measured in increments of 10 g/L
up toc2 = 100 g/L atTIS= 20, 30, 70 and 120 mM for pH 5; and, 20, 60 and 110
mM for pH 7.Using the parameter values derived from only the experimental results in
the dilute limit {.e., using onlyB22/B2s,stVvalues as in section 3.4 and 3.5), TMMC
simulations were performed at the sam8and pH values listed abovEo assesshe
sensitivity of the predictions from TMMC to the choice of model parameters, the
simulations were performed across the small parameter space shown in the insets in
Figure 4.3 within an ARD cff range of 20% around the global minimum for the best
fit parameters from the low data. In what follows, the ARD values based on all of the
R®/K data {.e. all cc andTIS valueg for a given pH and choice of model parameter
values are denoted as ARD That is done to determine if a single set of model

paraneters can prediet the R®/K results from low to higle; andTISfor a given pH.
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An alternative approach would be to optimize model parameters at aldivand pH,
and that will also be explored below.

The ARDui response surface for the resultpB 5 are shown in Figure 4.4A,
with the experimental data spanning from low to leghndTIS Comparing the ARD
response surface from low (Figure 4.3A, inset) with the ARL) response surface for
high c. (Figure 4.4A) thesmallsubset of parameters obtained at wanreasonably
predict the higkc, behavior at pH 5 over the wholHS range. A small subset of
parameter valugzroducesn overall ARD below 5%, showing that this CG description
could quantitatively predidtigh-c. behavior based on a training set at lowior net
repulsive conditions and weaklyetattractive conditions. Figure 4.4B shows the
measured and predict&/K values by using parameters within the minimum ARD
range from Figure 4.4A. There earsmall but systematic deviations between the
predicted and experimenta&f/K values with increasing for TIS= 30 mM conditions
(red circles), but, otherwise, the model quantitatively captures the experimental data.

An alternative is to refine separgb@rameter sets for eadriS in order to
acknowledge that the effective charge in the CG model is a lumped parameter and could
change with added NaCl based on preferentialmalein interaction$49,154,155]
Figure 44C shows the analogue to Figure 4.4B, but for case where the model parameters
for eachTISvalue are optimized separately, based on the ARD profiles for thexlow
data for thaflIS value (see Appendix A for individudllS ARD calculations). Figure
4.4C $ows that the simulated results quantitatively match the experimental results, with

ARD values as low as 2%, for each of THE conditions. The agreement between model
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Figure 4.4. Comparison of experimentBP/K vs ¢ profiles at higtc, with predictions

from TMMC simulations at pH Fanel A: contour plot of ARD between
experimental and predictdRf/K vsc; values. The gray area corresponds
to ARD values below 5%Panel B: overlay of experimental results
(symbols) and predictions from simulation (lines)tfoe parameter values
in panel A that minimized the overall AR(Udw = 1.8 ke T, Qerr = 4.2).
Panel C:analogue to panel B but using the individual ARD in Appendix
A. Insets for panels B and C are the correspon8jagsc, transformation

of the main panelsColors representlS = 20 mM (black), 30 mM (red),
70 mM (ble) and 120 mM (green)

predictions and experimental resudtslightly improved in Figure 4.4C when compared

to Figure 4.4B, but at the cost of needing tipig¢ sets of model paramete@verall,

the results in Figurd .4 indicate that netepulsive and wakly attractive interactions
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from low to highc, can be captured accurately by a spherical CG model, in agreement

with the results obtained in Chapter 3 for the case of two mAb proteins.

4.6 TMMC and Simulated Excess Rayleigltcattering at High c2 and pH 7

The same methodology was applied to pH 7 conditions, and the,AleEponse
surface is shown in Figure 4.5A. In this case, there are two distinct regions for the
predictions: a liquidiquid (L-L) split regime at higlge/Qett values, and ainglephase
regime for low ger/Qeff Values.The phaseseparated regime is due to strong dipole
dipole and dipolanonopole attractions that overcome the monopud@opole
repulsion, as expected based on previous work that focused on the solution behavior of
dipolar moleules[75,76] Within the singlephase regime, a range of low ARD
values was obtained, but no values below 20% were observed IvieiTdS data sets
at pH 7 were used. From inspection of individA&D plots (see Appendix A), the
lowestTIScondition (10 mM) resulted in considerably higher ARD values and skewed
the parameter sets. Consequently, an additional ARD response suraaietaiaed by
excluding theTIS= 10 mM ({.e., buffer-only) condition, and that is shown in Figure
4.5B. The same two types of regimes (single phase dndyilit) are observed, but a
portion of the ARD response surface clearly shows the desired low (<ARDP)
behavior towards the lowests/Qerr values (bottom right corner). Figure 4.5C shows
the comparison between predicted and experim&iti profiles for the parameter
ranges in the lowARD region of Figure 4.5B, and this excludes a predictionHer t
buffer-only condition. Figure 4.5C is analogous to Figure 4.5D, but using the parameter
range based on individu@lSfittings as done above. The results in Figures 4.5C and
4.5D show that refining model parameters for individli& conditions is notequired

for TISvalues greater than 10 mM. However, predictions fromdpwonditions are
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not accurate at higte for strongly attractive condition® (g, bufferonly), even if the

parameters are regressed only for thoseTé8conditions.
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Figure 4.5. Compaison of experimentd®R®/K profiles at highc, and predictions from
TMMC simulations at pH 7Panel A: contour plot of ARD between
experimental and predictd®/K vs c; values.Panel B: contour plot of
ARD between experimental and predicRdK vsc,, excluding the lowest
TIS (10 mM). Panel C: overlay of experimental results (symbols) and
predictions from simulation (lines) for the parameter values in panel A that
minimized the overall AR (Uw= 1.7 kT, Qett = 4.2,8e = 630 D) Panel
D: Analogue to panel C but using the individual ARD plots in Appendix
A. Insets for panels B and C are the correspon8jagsc, transformation
of the main panelgColors representiS= 10 mM (black), 20mM (red),

60 mM (blue) and 110 mM (green).
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Interestingly all parameter sets that provided good agreement between
experimental and simulatd®P/K profiles in Figures 4.4 and 4.5 correspond to ARD
regions below 20% for th&»2/Boo stanalysis (Figure 4.3Yherefore, with the exception
of the lowes{TIS conditions at pH 7, the parameters obtained from justcioamalysis
(i.e., BooBoost vs TIS provided quantitatively or serguantitatively accurate
predictions of the higle> behavior. However, for veryW TIS and strongly attractive
electrostatic interactions at pH 7, there is poor agreement between the predictions and
the experimentdR®/K data. This failure suggests that simplified CG interaction models
lack some of the key physics to properly descaltractive electrostatic interactions at
higherc,, and presumably that includes either accounting for higher terms in a multipole
expansion, or working with a structurally more detailed CG md@aél36,82,154]

There is an alternative interpretation of the resualtsigure 4.5: predictions for
electrostatic attractions at highare sensitive to the value BfSat low-TISconditions.

This would follow because the ion screenlaggth affects monopolmonopole
repulsion, monopotdipole and dipolalipole attractons differentlyi each type of
interaction decays ast, r2 andr3, respectively, withr denoting the intermolecular
separation (see Appendix A). For IeMS conditions, the balance between repulsion
and attraction can be delicate, and strongly deperadety. Thereforeslight changes

in TIS can tilt the balance towards a monopdteninated behavior or a dipele
dominated behavior ag increasesAppendix A illustrats this qualitatively for the
interaction models in this work, and shows that strongihactive interactions at high

c2 and lowTIS conditions below ~20 mM) may be expected to be difficult to predict

guantitatively using simple spherical CG models. These concerns notwithstanding, the
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results in Figure 4.5 suggest that useful predictiomaitaualitative effects may be
possible €.g, very strong multbody attrations) usingninimalisticCG models.

The limitations astrongly attractive conditions aferther illustrated in Figure
4.6, which shows the maximuiiS value at which a given sef €ef and Qeft Values
would result in LL phase separation at pH 7 based on TMMC simulations, with the
remaining model parameters fixed as described before. Figure 4.6 shows that high
values ofeef/Qeff can result in phase separation wits as low & 50 mM. Increased
netcharge Qer) requires a higher minimum dipole momessts{ to observe LL
separation, illustrating the sensitive balancetwben repulsive and attractive

electrostatic interactions.
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Figure 4.6. Predicted phase separation at pH 7 asatfon of dipole moment and TIS
with increasing netharge values indicated by the arr@@e+ = 3.4, 3.8
and 4.2. The colored area represents the conditions under which-liquid
liquid phase separation was observed in the simulations Ti&wand
highereess values with increasin@Qer).
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As mentioned above, predictions might be improveddgitc, conditions if one
included higheiorder terms in the multipole expansion. However, that would require
more adjustable parameters and the accuracy of the maddl ligkely to break down
oncec reaches large enough values to be relevant to dense liquid phases (>> 100 g/L)
because the detailed and complex surawge distribution would be expected to play
a stronger role in producing localized mpdtie(s) onthe proteinsurface[82,141]

These results for the spherical model resemble thoseveldsexperimentally for the
IgG4 in Chapter 3, and suggest the need to use higher molecularly detailed CG models
to capture conditions where the charge distribution can lead to strong attractive

electrostatic interaiins. This is explored for aCgn in wifatlows.

4.7 Higher Molecular ResolutionCG Simulations

As done in section 3.8, proteprotein interaction response surfaces were
calculated by computinB22/B22 stas a function offISand the ratio between solution
and theoretical chargeg, For this, a viaie for (4gr was first needed. Figure 4.7 shows
the response d22/Ba2 sTby perturbing$r and is qualitatively similar to the IgG1 and
IgG4 results shown in Figure 3.Zi.e., B22/Bz2 st decays rapidly towards negative
values ad3r increases)63,82] Based on the experimenti/Baz stresults afl1S >
300 mM (Figure 4.2B)[$r = 0.36 ks T was used to reconstruct response surfaces to
show one of three limiting cases, depending on the degree of anisot®piBaf stvs
[TIS y] . These simulations are expected to show (1) monapmignated behavior,
(2) multipole dominated behavior or (322/B22st shows a transition between
monopole and multipoledominated regions ag increases (see section 3.8 for more
information). This behavior can also be observed as a functioRSfHowever,

experimeng are usually performed for a s&tS value, so the discussion below is
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developed from the perspectiveyofis a degree of freedom as described above and in
section 3.8.

Figure 4.8 shows the response surfaces for pH 5 (panel A) and piHel B)a
using the 1bAA model and the published crystal structure of aCgn:(PEX3). The
two figures show that aCgn exhibits a transition from monoegdolainated to
multipole-dominated behavior as a function of pH (case 3, above). However, the change
in pH shifts they value at which this tramson is located. For pH 5, the transition is
observed at a very high value of the effective electrostatic interacyion2), while it
occurs at a lower valug ¢1.8) for pH 7. These results are consistent with the existence
of strong multipole interactions for pH 7 for aCgn, but not for pH 5. Figure 4.9 shows
the comparison of experimenBy./Bz2,stvs TISwith the values predicted by the 1bAA
model at each pH if one selects the valug ¢ minimize ARD § ~ 0.67 for pH 5y
~ 1.5 for pH 7). The value of is related to the average ratio of the effective solution
charge to the theoretical value of each charged residue due to territorial ion binding.
Physically, ay value different from 1 can be expected if there is-m@al ion
accumulation that causes greater than ideal charge scregning,(as in pH 5) or
multivalent ion (de)clouding and binding which can cause an increase in the effective
charge ¥y > 1, as in pH Y[154,158] An alternative reason is simply that the 1bAA
model groups entire amino acids into single beadstlamdead diameter is different
than that of the atom center that corresponds to the real charge site for a given amino
acid. Therefore, caution should be used to not-muerpret the physical meaning pf
> 1 with CG moleculamodels.

A minimum for B22/B22 st at low to intermediateTIS values for pH 7 is

characteristic of strong electrostatic attractions caused by multipole interactions which,
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in theory, can be overcome by very lerammged monopole repudss at lowerTIS
However, the experimental and simulated data show qualitative deviations at the lowest
TISvalues. This is possibly due to the inherent limitations of treatingcozening with

a mearfield description at such lowlS[154,158] The results in Figures 4.8 and 4.9
suggest that this level of CGrsttural model can accurately capture the anisotropic
charge distribution of proteins in solution at lay but the model accuracy is lost at

low TIS (below on the order of 50 mM) and the parameter set may depend on pH in
agreement with the results obta¢h in section 3.8. These results highlight the

i mportance of a@xpertisme i toa madtrectuaiiesointot he hi ¢
CG models more effective, and the potential to use the 1bAA model for smaller proteins
outside mADbs, as well as the liiions for strongly attractive electrostatic interactions.
Further refinements of the model will be required to better capture the strong
electrostatic attractions observed at pH 7 for aCgn and pH 6.5 for the 1gG4 (Chapter 3),

and this will be further dussed in Chapter 7.
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Figure 4.7. Ba/Bzz.stbehavior for the 1bAA CG molecular model as a functiotaf
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Figure 4.8. B22/B22 st response surfaces for the 1bAA CG molecular model as a
function of TISandy for pH 5 (panel A) and pH 7 (panel B) @k = 0.36

keT. The gray areas correspond Ba./B22 st > 10, while white areas
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Figure 4.9. ExperimentaB.2/B22 stvs TISwith best fit parameter sets from the 1bAA
CG model. Blue squares (pH¥Yp,= 0.67) and red circles (pH ¥,= 1.5)
represent the experimental data while dashed lines represent the simulated

values. The simulated valuegeslap with the experimental data except at
the lowTIS conditions for pH 7.
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4.8 Summary and Conclusions

Static light scattering (SLS) was used to quantify net prgisotein interactions
of aCgn at a range of pHIS andc. that produce netepulsive or neattractive
electrostatic interactions at IoWS. A spherical CG model was tested for its ability to
capture the net protein interactions from low to higfor both netrepulsive and net
attractive behavior of a globutarotein solution. The results®lv that colloidal models
canquantitatively capture the data if a combination of screened monopole, screened
dipole model, and sheranged non-electrostatic attractions yia a squaravell
interactionmodel) is used. Additionally, the results pretsel in the chapter show that
the lowc, model parameters were quantitatively predictive of the interactions atzhigh
if the net protein interactions are repulsive or slightly attractive compared toastéric
interactions. However, for strongly attrxet conditions, where the effect of charge
anisotropy is dominant, the lew experimental data coupled with spherical CG models
were only able to qualitatively or semuantitatively predict the higte behavior.
Independent of thephericalmodels, the proach used in Chapter 3 for identifying
anisotropic charge distributions causing attractions was validated in this chapter, but
challenges still exist for strongly attractive electrostatic conditiond&k 50 mM.
Finally, the results discussed in tlikapter are in good agreement with the results

presented in Chapter 3.
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Chapter 5

PREFERENTIAL INTERACTIONS FOR MULTI -COMPONENT
SOLUTIONS USING INVERSE KIRKWOOD -BUFF SOLUTION THEORY

5.1 Introduction

As mentioned in section 1.4, with the exception of idealized conditproteins
rarely exist in solutions where water is the only other compd8¢ii,16] A minimum
of three components are usually present in aqueous protein solutions: water, protein,
and buffermoleculesor other iond8,10]. The addition of buffer allows one to better
control the pH of the solution. However, this is usually not enough to stabilize protein
solution, so the addition of esplutes and/or esolvents can significantly stalzié the
overall protein solution, such as controlling protein phase behavior, reducing
aggregation, enhancing conformational stability, and lowering solution viscosity
[23,25,44,49,189,2G209]. This has fundamental and practical implications for design,
manufacture, and formulation of proteins andheo biomolecular solutions
Unfortunately, current frameworks that focus on quantifying pratesolute
preferentidinteractions are only applicable for ternary solutions, so there is a basic need
for more comprehensive theories that would allow one to study solutions with an
unlimited number of components.

This chapter will focus on the development of a generalixpdession for the
protein partial specific volumey), in terms of KB integrals for any number of solution
components, starting from the framework developed by-M&m [44,49,59] w is

accessible experimentallya high-precision density measurements. This eggi@n is
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used to compare the experin@nresults fors o | ut i ehymotrypsinogdn A
(aCgn), for both ternary (wat@roteinrosmolyte or wateproteinbuffer) solutions and
quaternary (wateproteinrosmolytebuffer) solutions. This is done to demonsgrgte

use of the new generalized expression to ternary solutions (in agreement with previous
resultg49]) as well as quaternary or mattbomponentalutions. Additionally @ results

for the IgG1 molecule discussed @hapter 3are used to gain insights about the
molecular origins of the increased protpmotein repulsion in the presence of sucrose

at both pH 5 and 6.5.

The remainder of this chapter is organized asovadl The materials and
methods section includes experimental and computational methods, as well as a short
summary of inverse KB solution theory and its relatiotdn order to set a context
for the following derivationsA derivation is presentddr a generalized expression that
relatesw to only KB integrals and measurable quantities such as partial specific
volumes () and concentrationg;] for the case of the protein component at infinite
dilution (.e., c2Y )&and an arbitiy number and concentration of cosolutes. Additional
mathematical details are included in Appendix B. The resulting general expression is
then used to analyze experimental density data for ternary and quaternary aCgn
solutions in terms of KB integrals angreferential interactions, including some
conditions from Chapter 4. Additional measurements of quaternary solutions of one of
the antibody molecules from Chapter 3 are presented towards the end of this chapter to
further explain experimental results showwrChapter 3. The results are also discussed
within the context of different physical contributions to each KB integral, using infinite
dilution, stericonly contributions fromatomisticmodels as a reference state. Some of

the content in this chapter Hasen published or included in peer reviewed jouritéls
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5.2 Materials and Methods

5.2.1 Summary of Inverse KB Solution Theory and Formal Relationships
Betweenq: and KB Integrals

This section begins with a short summary of the results fromN&&m and
others[59,97,210] Equationl.4 shows the definition of an arbitrary KB integral from
component andj given by Kirkwood and Buff95,210] Unless the radial distribution
function is known €.g, from moleular simulations and an assumed intermolecular
potential function for simple geometries), it would be more practical to detef&jine
values from experimental data. The relev@ptvalues are those in a grandnonical
ensemble, where molecules are akowto diffuse in and out of the system volume as
discussed in previous chapt§s9,95] In this case; can be defined as a function of

the fluctuations in the nuiper of molecules of each componeNy) (n the system

0 L 00 U@ o -
C—F@®O O (5.1)

wheredNiGrepresents the ensemble averageNfpandd\; NjO's the ensemblaverage
covariance of componenisandj (i.e, how muchfluctuations forN; and N; are
correlated)V is thesystemvolume andj; is theKronecker deltai(e., 1 fori =j and O
fori | j). This is the generalized expression from which equation 1.3 is obtained from
[59]. In what follows, the number concentration (molecules per unit volume) of
component will be expressed gs = ANiGV.

Similarly, an expression for the change@Oas a function of the chemical
potential of any other componentj] can be obtained from standard statistical

thermodynamic fluctuation theo[§9]:

ey 1 DO o
QY —— OO0 @ o (5.2)
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It should be noted that the partial derivative is at constant chemical potential values of
all components except fpr Also, the subscriptsandj can beinterchanged for each

side in equation 5.2. Combining equations 5.1 a@ddnd rearranging, results in:

('I) TQ "Y T dj c'y '?‘Q uY T " " o “O ” <-|
— — — (5.3)
@ T A ! A

where® s the {;j) component of the-dimensionaB matrix, with n denoting the
number of components of the solution. This matrix represents how changes in the
chemical potential of a given component inducangfes in the average concentrations

of all other components in the solution in a graadonical ensemble, and this arises
from the interactions between all of the components (in a 4nodty fashiof. The

matrix Bn) must be symmetric, as interchangindiges in equations 5.1 to 5.3 uéis

in equivalent expression3herefore,Gj = Gj and® @ , as is assumed for
symmetric fluids[59]. BenNaim further derived a general definition for tpartial

molar vdume (@ ) of any component) in an n-component system by using the

cofactorsof B (equatiors 5.4 to 5.6 and in Appendix B):

® —h (5.4)
I " & h (5.5)
- " o h (5.6)

Here, a slightly different nomenclature is introduced to aid in the subsequent

derivations.In equations 5.4 to 5.8y is thei-jth cofactor of then-dimensionalB

matrix and is also tha,) component of the corresponding atifa matrix denoted as
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Cr). Equation 5.7 is an additional expression that will be used below as part of the
derivation of a general expression fr in terms of the set of; rather than the

cofactors oB). |B(n)| represents the determinanttbé matrixB).

. 0
QY

(5.7)

5.2.2 General Expression forq, in Terms of KB Integrals
Throughout this sectiogn-1x Will represent ar{-1)-dimensional matrix that is

derived from the previouBn matrix by deleting comgnentk (deleting thek-th row

and column) and further rearranging the matrix as is done in the calculation of cofactors

(see Appendix B). Similarly¢ represents thejth cofactor of the nevBn-1k)

]

matrix and the-jth component of th cofactor matrixC-1. Equation 5.8 is obtained

by solving equation 5.4 as shown in Appendix B:

_ 6 B "OB "®
w

(5.8)

S
B B ""w s " '0OB B ""w s

To proceed, the equality= Uwill be used as there are not restrictions on the
values thak andUcan take (see Appendix B). Dgijrso allows one to eliminate both
prefactors o andj k) from equation 5.8 as they will cancel each other. In addition, the
concentration of componettwill be assumed to be sufficiently low thtcan be
treated as being infinitely diluté€., oY )OUnder this assumption, the second term
in the denominator of equation 5.8 will be negligible. Physically, this meangHbat
interactions do not contribute significantly @, so the dominant contributions tp
(equation 5.6) come from the remiaig (n-1) components. This assumption causes

equation 5.8 to simplify to equation 5.9.
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e
O:=
e

(5.9)

Equation 5.9 shows two different contributionsita the first ratio on the right
hand side is that for a{1)-component solution.€., by completely deleting component
Ufrom thesolution) while the second ratio is effectively a mathematical expansion from
that initial solution by adding the individual contributions arising from all paitg-iof
interactions, for anyi U This is more easily seen when equation 5.9 is combind wi
equations 5.4 and 5.7. The first term on the flggmd side of equation 5.9 is equivalent
to the isothermal compressibility of the 1)-component mixture, while the second term
can be rearranged and written in terms of only KB integrals, partial ralanes, and

component molar densities, resulting in equation 5.10:
® O " "0 wh (5.10)

This equation applies under infinitely dilute conditions for compobehidoes
not impose any restriction on the concentrations of any of the oiig@rcomponents.
Therefore, eqation 5.10 can be used for protein solutions with any concentration of
added cosolutei$ the concentration of protein can be considered sufficiently dilute to
neglect contributions t@ from proteinprotein interactions. Empirically, thiggically
corresponds t@z on the order of a few g/L or less (S€haptes 3 and 4, andesults

below)[23,29,49]
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To obtain an expressiom iterm of preferential interactions, the identity
B”w pO "w p B " ® canbe combined with equation 5.10 to give
equation 5.11, where compondais taken as the solverg., water). If the system of
interest is an aqueous solution with protein at tewthenk = 1 andU = 2, and one

obtains equation 5.12. Here, the identity w0 j is used, where the overbar denotes

a partial molar volume (units of volume/mole) and thestcdenotes a partial specific

volume (units of volume/mas. Similarly,d ” 0 j, s0” ® . TheGj values

in equation 5.11 have volume/mole units, but volume/mass units in equation 5.12.

a) !Q"YT "O "B "O “O (5.11)

7 Y"W LAY Il ki LAY LAY

W 5 O ww O O (5.12)
h .

The only assumption in the derivation above was the condition of infinite
dilution for one of the componentsiq equation 5.11 a2 in equation 5.12). Therefore,
equations 5.11 and 5.12 can be applied to solutions containing an arbitrary number of
components, and over any physically realizable set of concentrations for components
other thana or 2, respectively. For a ternary solutiequation 5.12 reduces to equation
1.8, and for a binary solutioe.g, protein in pure water) it reduces to the first two terms
on the righthand sideof equations 5.11 and 5.12, in agreement with the exact

derivations for tweand threecomponent systesj49,59]

5.2.3 Experimental Determination of v Values
Experimental data fab valuesvscosolute concentrations.(y, cs, cs4, €tc.) were

obtainedto illustrate the use of equation 5.12 for assessing protater and protein
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cosdute interactions. aCgn at pHand the IgG1 meicule used in Chapter 3 at pH 5

and 6.5 are studied in this chapter as protein model systems. There were two main sets

of solution conditions for aCgn. The first set consisted of ternary solutions formed by
water, aCgn and a given cosolute chosen fronroseg trehalose, sodium phosphate
and sodium chloride. The second set consisted of quaternary solutions formed by
adding either sucrose, trehalose, or NaCl to ternary solutions of aCgn in 5 mM sodium
phosphate aqueous buffer. For the IgG1 molecule, tuere two sets of quaternary
solutions containing water, protein, sucrose (as varying osmolyte) and a buffer molecule
(10 mM acetate for pH 5 and 10 mM histidine for pH 6.5).

The same buffer stock solution presented in Chapters 3 and 4 (sodium phosphate
buffer for aCgn, and acetate and histidine buffers for 1gG1l) were used for the
experimental results in this chapter, which are summarized in what follows. Stock
solutions with a range of buffer concentrations were prepared by dissolving sodium
phosphate monasic anhydrous (Fisher Scientific), glacial acetic acid (Fisher
Scientific) or histidine hydrochloride (Sigma) in deionized water (MilliQ, Millipore
Sigma), and subsequently titrated to the respective pH (7.0 = 0.05 for phosphate buffers,
6.5 = 0.05 for Hstidine buffers and.% + 0.05 for acetate buffers) using a 5 M sodium
hydroxide solution (Fisher Scientific).
filters (Millipore) and stored at 4 °C prior to use.

For a given set of solutions containing aCgn, the following phaeewas used:
aCgn powder (Worthington Biochemical Corp.) was dissolved into a 5 mM phosphate
buffer solution at pH 7.0 + 0.05 to an approximate protein concentrasjoof (L5 g/L.

A phenylmethlylsulfonyl fluoride (PMSF) solution was prepared by digsgi?MSF
(Fluka) in 100% anhydrous ethanol (Sigdlarich). To deactivate residuaderine
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proteases that are anecdotally present in commercial sources ofla@grof a 35 g/L
PMSEF solution (in 100 pL aliquots) was used for each gram of aCgn in sojd&pn
The deactivated protease(s) precipitated readily and was later removed by
centrifugation. The remaining aCgn solution was triple dialyzed against the desired
buffer solution (see below) using 10 kDa molecular weight cutoff (MWCO) Spectr/Por
dialysis membraneSpectrum Laboratories, Rancho Dominguez) @A4 °C to remove
any residual alt impurities from the commercial material, as well as residual ethanol
from the PMSF treatment.

IgG1 protein solutions were prepared as follows. A stock IgG1 solution was
provided by BristoiMyers Squibb at a starting protein concentration of ~50 g/L5 pH
and 6.5 protein stock solutions were filtered and dialyzed using 10 kDa molecular
weight cutoff (MWCO) Spectra/Por dialysis membrane (Spectrum Laboratories,
Rancho Dominguez, CA) in the desired buffer (10 mM acetate for pH 5 and 10 mM
histidine for pH 65) with four 12hr buffer exchanges at 4°C to remove any undesired
solutes from the original protein solution.

For ternary solutions with sodium phosphate as the osmolyte (aCgn only), the
protein solution was dialyzed against selected sodium phosphatent@tions (5, 20
and 30 mM, as needed) at pH 7.0 = 0.05. For all other ternary solutions, the protein
solution was dialyzed against deionized water and then titrated to pH 7.0 £ 0.05 using a
50 mM sodium hydroxide sol ut gnoquatefparyn 10 ¢
solutions, the protein solution was dialyzed against a 5 mM phosphate buffer solution
at pH 7.0 N 0.05. The resulting protein st

to eliminate any residual insoluble PMSF as well as any othéaroamant.
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Osmolyte stock solutions were prepared by dissolving sucrose (HPLC grade,
Sigma), D(+)-trehalose (Fisher Scientific), NaCl (Fisher Scientific) or sodium
phosphate monobasic anhydrous (Fisher Scientific) in deionized water (for ternary
solutiors) or buffer solutions (for quaternary solutions) to obtain final solutions of 30%
w/w sucrose, 30% w/w fp+)-trehalose (hereafter referred to simply as trehalose) or 1
M NacCl. These solutions were titrated to their respective pH with small volumes of a 1
M sodium hydroxide solution. Final protein solutions were prepared gravimetrically by
combining (1) proteirwater or proteirbuffer stock solution, (2) ptadjusted water or
buffer, (3) cosolutevater or cosolutduffer stock solution. The proportions &) ((2),
and (3) were selected to achieve a constant cosolute molality for a series of increasing
protein concentrations, up to a maximanof 1.5 g/L to ensure infinitely dilute protein
behavior (see Chapters 3 and 4). Final osmolyte and protein caimsrgrwere later
calculated and corrected with measured density values (see below). Less than 0.1%
variation between targeted and actual values for the protein and cosolute concentrations
was achieved in all cases.

The density of each protein solution wasasured using a DMA 4500 density
meter (AntorPaar, Ashland, VA) and a DDM 2911 Plus density meter (Rudolph
Scientific, Hackettstown, NJ). Both instruments were used for comparison, and no
guantitative differences were observiedonsistent calirating solutions and conditions
were used. All measurements were done at 25.00 + 0.02 °C and apre&sirew
values were determined from density measurements as a function of protein weight
fraction using egationl1.7, as previously describeddiillustrated in Figure 5.49].

Linear regression was used to obtain the intercept and the slope as nesgleation
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1.7. A 95% confidence inteal for  was obtained from the correspondingatue and

standard error of the slope and the intercept with error propagatibh
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Figure 5.1. Inverse density as a function of protein weight fraction for wagn
solutions at 25 °C and pH @. in pure water is determined from the slope
and intercept as shown inwagion1.7. The experimental error bars are
smaller than the symbols. The dashed line represents the linear fit while

the narrow surrounding gray area represents the 95% cocdidevel of
the linear fit.

All data reported in the present work are at atmospheric pressur@, 26d pH
5, 6.5 or 7 depending on the protein solution (see above). Figure 5.1 shows an illustrative
plot of experimental inverse density)() values as &unction of protein weight fraction
(w2) for the simplest case of binary mixtures of aCgn and water. The data sets of inverse
solution densityvs protein weight fraction all showed qualitatively similar, linear
behavior such as that illustrated in Figurg. 5This was observed for all binary, ternary,
and quaternary solutions discussed in subsequent sections. The lack of curvature in all

data sets for 1/vswe indicated that the, range was sufficiently low to assure that
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proteinprotein interactions could be neglected andcthe O limit was maintained for
subsequent data analyg238,49]. This is also consistent with the SLS data presented in
Chapters 3 and 4 for quantifying the magnitude of prepeatein interactions for aCgn
and IgG1 under equalent solution formulationsThe slope and intercept from the
linear fit to a given data set ofjlvsw. with fixed cosolute concentration(s) were then
used with egation1.7to determinew for a given solution condition. The PSV values
for cosolutes were determined in a comparable manner from linear fitg fos thie

cosolute weight fractiowith all other concentrations held fixed.

5.2.4 Molecular Scale Simulations for Steric-Only Interactions at Infinite
Dilution

The experimentally measured PSV values provide a quantitative assessment of
the relative interactions between aCgn or IgG1 and weeG;2) and cosolutesvia
Go3). The values are, by definition, based on a reference state of an ideal gas mixture
[59,95] With that in mind, it is useful to considehat an ideal steric contribution to
Gy (for anyj | ) fvould be, and use that as an alternative reference state when
comparing experiment&y values. One unambiguous option is the valu&gtinder
infinite-dilution conditions of componen&andj for stericonly interactions, termed

O inwhat follows."O ; denotes the-body infinite dilution KB integral between

component? andj, based on steronly interactions as already discussed in Chapter 2.

Therefore,"O ;; values vere calculated using the Mayeanspling wth overlap

sampling (MSOS) algorithm with the methodology already described in Chapter 2 for

B12st('O ; =-2Byj,s1). This methodology was applied to aCgn using the experimental

crystal structure (PDBLEX3) to provide the thredimensimal piotein structure, and

to anatomistic homology model provided by BMS for the IgG1 molecule. Briefly, the
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MSOS algorithm allows one to compute cluster integrals to obtain virial coefficient
values. In the case of twmody integrals, these are equivalent 8 iktegrals at infinite
dilution of both components. In the present examf®@sg, was computed by using an
all-atom description of aCgn and IgG1 molecules and accounting for only steric
interactions of each independent atom (see Chapter 2 for more details). Although the
protein is treated in an adtom fashion, the wat@r cosolute molecule is treated as a
simple sphere with diametégx In the case of watetlexc was taken as 3 Avhile for
sucrose and trehaloséex: was approximated as lying between 7 and 10 A for the
discussion belov97,212,213] Sodium and chloride ions are estimated as 2.3 A and
3.3 A, respectively, but wereeiated as a single species with an average size of 2.8 A

for the discussion beloy214].

5.3 Ternary aCgn Solutions: Water (1) + aCgn (2)+ Cosolute (3)

Proten-water and proteitosolute interactions in ternary solutions were
evaluated for aqueous solutions of aCgn with different choices of cosolute: sodium
phosphate, sodium chloride, trehalose and sucrose. The effect of adding sodium
phosphate to a binary stion of water and aCgn was first evaluated for sodium
phosphate molarities that are in the typical range used for buffering protein solutions (0
to 30 mM) at neutral pH. The PSV of sodium phosphatgié reported in Table 5.1.

This value was independent of buffer concentration in this range and is in good
agreement with previous repofidl5]. & values as a function abw for sodium
phosphate as the cosolute are shown in Figure 5.2. Baisedquation 1.8(or
equivalently the ternary version of edgjoa 5.12), the change i@ as a function of
buffer concentrations§ vs® ) can be related to the preferential interactids-Gz23)

between the osmolyte and protein molecules (relative to ywabégin interactions) by
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examiningthe linear region ofy vs @ . The results in Figure 5.2 show thatis
effectively independent of buffer concentration over the range of concentrations that
were tested, and this indicates negligible preferential interactidhis @H. A linear fit

of the data gives a slop&41{>-G»3) that is not statistically different from zero (Table 5.2).
Note that a zero slope in Figure 5.2 or equation 5.12 does not require ideal (non
interacting) behavior but instead indicates effectivelyat contributions from protein

water interactionsv{a G12) and proteircosolute interactionsia Gz3).

Table5.1. PSV values with 95% confidence intervals for aCgn and for each of the
cosolutes in water or in 5 mM sodium phosphate aqueous buffer

Component i Concentration rang w('rgl\_’yg)ter win a?rﬁﬁ?glis buffe
Sodium phosphat| 07 30 mM 0.052 + 0.002 N.D.

Sodium chloride | 07 500 mM 0.307 £ 0.002 0.299 £ 0.006
Trehalose 07 24% wiw 0.653 + 0.001 0.647 + 0.002
Sucrose 07 24% wiw 0.623 + 0.001 0.620 £+ 0.002
aCgn 071 2g/L 0.733 £ 0.009 0.733 £ 0.005
lgG1 071 2g/L 0.706 + 0.003 0.708 + 0.002

Table5.2. Values with 95% confidence intervals ®f> and Gi12-Gz3) from linear
fits tow vsww for aCgn in water (ternary siem), or in aqueous 5 mM
sodium phosphate buffer (quaternary system) for each cosolute.

-G12 -G12 (G12-G23) (G12-G23)
Solute ternary quaternary ternary guaternary
(mL/g) (mL/g) (mL/g) (mL/g)
Sodium phosphat| 0.735 = 0.00Z N.D. 21 + 26 N.D.
Sodium chlorile | 0.730 + 0.003 0.726+ 0.005| -2.71 £ 0.79| -2.39 £ 0.81
Trehalose 0.722 £ 0.00¢ 0.731 + 0.009 -0.56 + 0.06 -0.55 £ 0.10
Sucrose 0.725 £ 0.012 0.720 + 0.009 -0.64 + 0.09 -0.62 £ 0.10
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Figure 5.2. aCgnw values as a function of sodium phosphate concentration for the
ternary watdéraCgn sodium phosphate systerat25 °C and pH .7The
dashed line represents the linear fit while the surrounding gray area
represents the 95% confidence level of the lifikar

Sodium chloride, trehalose and sucrose were also tested as casohv@isiate
their preferential interactions in ternary wag€gnricosolute mixtures. Sucrose and
trehalose were each evaluated between 0 and 24% w/w, while NaCl was evaluated
between 0 and 500 mMw values for sucrose, trehalose, and NaCl are shown in Table
5.1. These values were independent of cosolute concentration and are in excellent
agreement with reports found in the literatubevalues as a function @ ® for each
colute are shown in Figures 5.3A (NaCl), 5.3B (trehalose) and 5.3C (sucrose). For all
three cosolutes, the results show thatlecreases linearly with increasing cosolute
concentration for all but the highestc values, characteristic afegative Gi-Gz3)
values and preferential accumulation of each cosolute around the protein surface. In
contrast to the results for sodium phosphate, the slopes were statistically different than

zero in each case (Table 5.2).
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Figure 5.3. aCgnw values agunction of cosolute concentration at 25 °C and (@bir7
ternary solutions of water, aCgn, and NaCl (panel A), trehalose (panel B)
or sucrose (panel C)rhe dashed lines represent linear fits while the
surrounding color shaded areas represent the 95%eeané level of the
fits.

5.4 Quaternary aCgn Solutions: Water (1) + aCgn (2) + Cosolute (3) +
Buffer (4)

The next step was to evaluate whether the presence @dogentration buffer
salts impact the preferential interactions when compared to the -neiéeternary
solutions. This was done by quantifying the changee inith increasing sodium
chloride, trehalose, or sucrose concentrations for aCgn in aqueous phosphate buffered

solutions at a fixed buffer concentration (5 mM sodium phosphate). The sam
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