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ABSTRACT

Protein seHinteractions (PSI) influence biophysical properties like
aggregation, solubility, viscosity, and phase separation of drug products. PSI are a
function of protein identity (e.g., sequence, charge, and hydrophobicity distribution)
and formulatio conditions like temperature, pH, and ionic strength. The main
physical forces determining the net protein -getéractions are screened electrostatic
attractions and repulsions, netectrostatic shontange interactions, and steric
repulsions. Stronglyattractive protein selinteractions can trigger biophysical
properties through promoting aggregation rates and poor solubility. In terms of drug
product development, this can hinder the developability of a drug candidate.
Molecular simulations can playkey role in PSI prediction and screening candidates
based on measurable experimental quantities. They can also be used to understand the
underlying physics of PSI and aid in redesigning the sequence of poorly behaved
proteins toward a more stable protein.

This dissertation includes five chapters and uses computational and
experimental methods to facilitate the prediction of PSI through coaaseed
modeling and identify the potential residues that contribute most to PSI.

In the second chapter, a serief coarsegrained (CG) models were used to
predict PSI in terms of the second osmotic virial coefficientz)(Bor several
monoclonal antibodies (MAbs) as a function of total ionic strength. In previous
reports, these MAbs have shown a broad range odcttte and repulsive self

interaction in different formulation conditiohé The models were also compared
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based on the computational burden and scalability. Comparing different CG models
through predicting B values yields guidance for selecting C®duls that optimizes
prediction accuracy and computational burden.

In the third chapter, the 1bC/D model (Gomeadperchargesiteandper
domain) introduced in the second chapter was used to identify the most influential
charged residues that could sigrantly reduce the strong net electrostatic attraction
of a poorly soluble MADb. This was done by predicting Balues after mutating each
charge residue via chargavap and charg®-neutral mutations. A series of variants
that were predicted to have theeatest improvement were made experimentally and
tested using light scattering. Then the simulated & variants were compared
directly against experimental values. Compared to the experimental results, the model
resulted in quantitative/semuantitaive prediction of proteiself interactionsAlso,
the results showed that the qualitative pattern of pairwise interactions is not
necessarily by itself as an indicator of protein-g&iéraction behavior and/or which
variants will most likely result inmmproved net protein seifteractions

In the fourth chapter, a new computational approach was introduced to deal
with fluctuating charge residues in protein solutions when the pKa of a titratable
charged atom is close to the pH of a solution. The probfesasain molecular and CG
molecular simulations as using partial charges is not physical for those charge sites
that can be fully ionizable. This is more significant for residues like Histidine, where
its pKa (~6) is close to a range of physiological ciiotis and relevant industrial
product conditions. The new computational approach allows fluctuating charge
residues based on a given probability governed by the Henddesselbalch

equation. Compared to static charge simulation, the new approach imhprove
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guantitatively predicting B values against experimental data, particularly when the

pH of the solution is close to pkf titratable residues.
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Chapter 1

INTRODUCTION

1.1 Motivation

The use of therapeutic proteins, particularly monoclonabadies (MAbs),
has increased in recent years to treat various diseases, including cancers and
autoimmune disordetd. Protein selinteractions can influence biophysical properties
such as poor solubility, aggregation, high viscosity, phase sepamitbiopalescence.
These biophysical attributes influence the quality of drug products and potentially
hinder the developability or manufacturability of drug candidateDifferent factors
impact proteinself-interactiors (PSI) like the protein sequenead its concentration,
co-solutes, temperature, pressure, pH, type of buffer, and solution ionic stteédgth
Knowing the potential risk factors or developability attributes associated with each
candidate can reduce the effort, time, and matagabbd to develo@ drug product.
Therefore, selecting the most developable MAbs from a batch of potential candidates
is one of the major concerns in drug product development and discovery studies. The
sequence and 3D structure of protein and formulation conditions ljefer, ionic
strength, cesolutes) are among major factors driving PSI and potentially triggering
biophysical risk factofd'* Figure 1.1 illustrates the full 3D structure of a typical
monoclonal antibody. The complex behavior of different MAbs ifedéint solution
conditions makes it more difficult and challenging to find the best formulation
conditions. This highlights the need for mechanistic tools for predicting protein self
interactions for a given solution condition. The latter becomes more @D

particularly when one is interested in knowing the physical attributes (like charge and



hydrophobicity distribution and van der Waals interaction) that mainly drive protein
self-interactions. Consequently, it facilitates developing screening téals did
candidate design which is discussed in this dissertation.

Thermodynamically, in low protein concentration orcsa | | ed Adi |l ut e
PSI can be quantified by the second osmotic virial coefficies).(B22 measures the
strength of net interacins between two proteins. At elevated protein concentration,
the protein KirkwooeBuff Integral (G2) represents the strength of net interactions.
Several studies have shown the relation betweenoB G2 or the strength of
interactionsand some biophysit risk factor$¥?2, For example, it has been shown
that increasing the strength of attraction resulted in a higher monomer loss or
aggregation rat@ Other studies reported the effect of chatbarge interactions in
stabilizing large aggregate pates’®?4 The orientational configuration of proteins
(e.g., di stance and relative orientatior
iclusteringo among pr ot ei %% Expesingentallg Ban i ndi
can be measured using diffeteiechniques like light scattering (LS), sraitigle
neutron scattering (SANS);nay scattering (SAXS), and analytical ultracentrifugation
in low protein concentration (typically below 10 mg/rit 33, Light scattering is more
interesting in both acadeosi and industy because of its greater accessibility and
potential higher throughput than the other technidi#é$> Furthermore, LS returns
protein seHinteractions in terms of either2gor Bz2 that can be predicted using
Coarsegrained (CG) moledar simulation. Computationally, this provides a great
opportunity for developing CG models and algorithms that aid PSI prediction and

antibody design that can be compared against experiments.



Figurel.1l: A ribbon representation of an intact IgG (PDB ID 1lidthe light chains
are green, the heavy chains are cyan and blue, the glycoprotein is orange
sticks, and the interchain disulfides are yellow sfitks

Several studies have used different cogmséned modeling resolutions to
study proteirprotein interations, protein selhissociation, and viscosify25373848,
Despite the advantages of different levels of CG models for predicting physical
attributes of PSI, one common issue corresponds to the estimation of electrostatic
interactions.Relatively less effort has been devoted to developing capeseed
models that are reasonably fast and provide higher accuracy for calculating
electrostatic interactiof®?°?73848 = Regardless of the choice of CG modkis™,
typically, thelocation of charge beads does not coincide with the location of charge
cite compared to the original structure. Wrong estimation of charge locations can
impact the accuracy of electrostatic interactions, particularly in low ionic strength

when they are laprange, and their magnitude influences protein-isedfractions.



This becomes more prominent when electrostatic interactions mainly drive PSI or
when a few chargeharge interactions greatly influence PSI. In this case, to enhance
the accuracy of modelr@dictions, a higher resolution of coaigaining is needed to
account for the role of each charge sites of target protein.

Strongly attractive electrostatic interactions can easily trigger biophysical risk
factors like poor solubilityaggregation, and phase separation. Several studies have
reported phase separation and aggregation in low protein concentrations due to
strongly attractive electrostatic séfteractions in low to medium ionic streng*°
Notably, somdormulations contain high protein concentrations (above 100 mg/mL)
in a small volume like ~1.5 nft!> There are two general methods to tackle the poor
solubility when strongly attractive interactions mainly drive PSI. The first method
concerns the formation conditions like changing pH and ionic strength of the
solution. pH can affect the charge distribution of proteins and consequently the
electrostatic interactions. For example, at pH 4.5 all Histidine residues are positively
charged, while at pH 8 dy are neutral. Also, adding salts like NaCl weakens the
strength of electrostatic interaction due to the screening of charges. The second
approach targets the sequence of a protein. Physically, high electrostatic attraction is
rooted in high anisotropy afharge distribution on the surface of protein which yields
strong intermolecular specific pairwise electrostatic attracttoimferefore, a suitable
and precise manipulation of charge distribution through mutation can decrease the
strength of attractio between proteins and improve the solubility of proteins.
However, less effort has been devoted to discovering the most influential residues that
drive PSI electrostatically in a systematic approach. Several reasons lead to this issue

like lack of tools lhat accurately account for electrostatic interactions and the



appropriate physical methodology that scores and ranks the contribution of each
charge residue in PSI. Scoring charge residues should be based on the concept of
Ai nteract i on s ceastttwoaproteinsefar wany rpessible adsidegidue
attraction and repulsion, while several studies scored charged residues based on only
one proteirt3%%5,

As discussed above, calculating electrostatic interactions with high accuracy is
essential foraccurate prediction of PSI and for discovering the most influential
residues that drive protein sétiteractions. Charge distributions on the surface of a
protein play a key role in driving the strength of electrostatic interactions between
proteins. Chmically the status of charge residues is governed by two factorefpK
titratable charge residue and pH of solution. Hendeksasselbalch (HH) ties the
equilibrium, timeaveraged probability of either protonation or deprotonation states to
pKa and pH. Acommon issue is the value of charges dedicated to each charge bead
during simulation. The first intuition of the HH equation is that the average probability
of being either positively or negatively charged is not necessarily an integer number
and can be aontinuous quantity. For example, in the case of pHeft€ probability
of finding residue fully protonated or deprotonated is 50 percent. This makes a new
challenge for treating charge atoms when the pKa of amino acid is close to pH of the
solution. Inded, the charge status must be an integer number so only +1, @ and
charge valence are allowed for titratable atoms inside chain. In terms of drug product
development, this is more pronounced for His residue as its pKa (~6) lies in the range
of pH (57) that is typically considered for formulation. As partial charges are not
physical, a new computational approach is necessary, particularly fordsghution

models having beads dedicated to each charged residue.



1.2 Project Goals

This dissertation focusesn developing tools and algorithms that facilitate
predicting and controlling proteiprotein interactions from low to high
concentrations, emphasizing electrostatic interactions. The first specific goal of this
thesis is to introduce a fast coagrainedmodel that provides a better estimation of
electrostatic interaction for the prediction of PSI in terms of the second osmotic virial
coefficient (B2). The second goal is to compare the accuracy of therBdiction of
the new model with a suite of coergrained models for several MAbs as a function of
ionic strength. The third goal is to guide the selection of a proper CG model based on
the interaction strength for 2B prediction. The fourth goal is to improve the
developability of a poor soluble MAb iglen by strong electrostatic interaction. This
has been done through:Bprediction of all possible chargavap and charge-
neutral mutations. The fifth goal is to validate the accuracy of prediction for a series of
variants through LS characterizatidrhe sixth goal is to introduce a new algorithm to
deal with fluctuating charge residues when the pKa of charge atoms is close to pH of
solution. The following sections provide the background and context for the goals of
the thesis. The details of experint&n and computational methodologies are

elaborated in corresponding chapters.

1.3 Protein SelfInteractions in Terms of Protein Kirkwood-Buff Integral and
Virial Expansion of Equation of State

As already discussed, the strength of interactions among prqitEigs a
significant role in triggering biophysical risk factors. High net attractions among
proteins may result in poor developability and aggregatfonAn approach to
measuring the net strength of interaction among proteins is KirkaBodidintegral

(G22). Gz2 is a function of protein concentration and can be measured by a range of



experiments like smaHlngle neutron and -pay scattering, analytical
ultracentrifugation, and static light scatterifg?®®. The second osmotic virial
coefficient B22) can obtain the strength of net interactions in low protein
concentration. Equations 1.1 and 1.2 define the strength of net interactions in terms of

G2z and B2, respectively.
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wherew is the potential mean force (PMF) between protein paigds Boltzmann
constant, T is the absolute temperature, i and j are protein index, N is the total number
of proteins,» is a vector that defines the location of ith protéin, » » is the
magnitude of displacement vector between center oftithand jth proteinsQ v

1 Qi'Qm is differential volume element in spherical coordinates system. The PMF
in equation 1.1 is a function of protein concentration (i.e., the total number of proteins
N). In this case, all protein pairs camteract mutually while B in equation 1.2
depends only on twbody interactions. Indeed, twlmdy interactions represent the

dilute limit when protein concentrations become low. In dilute limi, i8 equivalent

to Ge2 Up to a constant (i.e§ -1IE"O where® is protein concentration)).
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Gz2 can also be formulated based on the isothermal compressibility factor (



equation 1.3) and fluctuations in the number of molecules in volume V in grand

canonical ensemble (equation 1.4).

t 0 L 0 w &

b OBYY ® oy P
50 T w @O0 a0 2
P ®o wo P g

where} is compressibility factor) is protein molecular weight, R is gas constant,
& Ois the average number of proteins in the system volviné & Qw is
protein concentrations, an@d O & O represents the fluctuation variance of the
total number of proteins in volume V. Equation 1.4 relates tG two important
guantities 1) the fluctuation in the number of proteins in volume V and @eisoal
osmotic compressibility. The latter is linked to light scattering theory, where the
interaction of light with proteins in a solution is associated with the fluctuation of the
number of proteins in a given volume and the former to the virial exgamdithe
equation of state.

The compressibility factor has also been linked to the thermodynamic
propertie8’. According to the virial expansion of the equation of state, the

compressibility factof can be expanded based on the protein eatnation e.
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The second term at the right hand of equation 1.5 contains the second osmotic virial

coefficient (B2). Ai represents the ithirial coefficient (e.g., Adenotes the third virial



coefficient, At he f ourt he). | f no interaction
coefficients are 0, and equation 1.5 returns the equation of states for the ideal gas
mixture. In low protein congdration and weakly interactive systems, the equation of
state can be truncated by the second term (i.,e.p 6 ). In this case, with a

good approximation, PSI can be quantified by the second osmotic virial coefficient.
Increasing eitheprotein concentrations or the strength of interactions makes the role

of higherorder virial coefficient (A important. The virial coefficients in equation 1.5

can be represented in terms of cluster integral that needs to be integrated over all space

andgiven by equation1:8.8.
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where V denads the volume of integratioiQ is the Mayer function between the ith
and jth protein and defines 88 Q p andw is the potential mean force
between the ith and jth protein. Equations1L.® show that the virial coefficients aae
function of mutual interaction between different protein pairs (Figure 1.2). This
highlights the vital role of multibody interactions when one is interested in studying

PSI at elevated protein concentration.



Figure 1.2: Schematic representatibmmuiltibody interactions for secon&), third
(A3), and fourth (A) virial coefficient.fj is the Mayer function between
ith and jth MAD.

1.4 Factors Influencing Protein Selfinteractions

Basal on the definition of protein KirkwoeBuff integral (equation 1.1) or
equation of state (equations 1.2 and-1.®) PSI is a function of three important
guantities 1) protein concentratiorp),c2) temperature (T), and 3) potentadlmean
force (PMF) between two proteins (A4.

As discussed in section 1.3, increasing protein concentratg)ndictates
simultaneously multibody interactions among proteins. Higher multibody interaction
can shorten the average certtecenter distance among prateiand impose higher

net interactions in a crowded environment. This potentially affects colloidal protein

1C



stability and protein selfissociation and accelerates aggregation rate, particularly
when PSI is attractive.

The 3D structures of proteins and teargiure structure of protein or protein
conformations is sensitive to stress factors like, pH, protein concentrations, and
temperaturt®31.3%05859 partially unfolded of native proteins refers to both native and
nonnative aggregation pathway$xperiments like differential scanning calorimetry
and circular dichroism have shown the influence of temperature on thermal and
structural stability of several proteffi§” 62,

The third important quantity determining PSI is the potential mean force
(PMF) between proteins. PMF is a function of screened electrostatic interactions, non
electrostatic shomange interactions, and steric repulsion between proteins. Protein
primary structure or sequence is an important factor that determines the charge and
hydrophobicity distribution. For example, several studies have shown/postulated that
strong electrostatic attractions among proteins correspond to specific pairwise
electrostatic attraction due to high anisotropy of charge distribution on the surface of
proteing+5.6367 - Hydrophobicity distribution of amino acid can also dictate strong
non-electrostatic attraction between protein and trigger biophysical risk feféfbfs
However, steric interactions or excluded volume effects among the same fclass o
proteins can be almost the same as they depend only on the shape and size of proteins.
For example, the excluded volume effect for all monoclonal antibodies is almost the
same as they share a similar size and shape. Several studies have repartetiOB
mL/g (B2 for steric only interactions) for different MAB®.

Formulation conditions like pH and ionic strength can impact PSI by

influencing electrostatic interactions. The pH of the solution modulates protonated and

11



deprotonated state of amphoteamino acids like Asp, Glu, Arg, Lys, and His based

on corresponding pKvalues. This affects the charge distribution and consequently
electrostatic interactions. For example, Figure 1.3 shows how pH changes the surface
charge distribution of a MAb denates 1IGT as a function of pH. MAbs are expected

to be highly charged at extreme pH, and strong net electrostatic repulsion may
contribute to the net proteself interaction. At the isoelectric poi(gH) in which the

net charge of the protein is zero iarmoderate condition, pH may induce different

positive and negative charge patches on the surface of a protein. Physically, pH can
modul ate multipole charge distribution (I
proteins, which can lead to strong ipase electrostatic interactions between specific

charge patches.
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Figurel.3: Surface charge distribution for IgG1 (PDB ID: 11GT) at four different pH
[5.8, 6.4, 7.1, 9.0]. The blue color shows positive, and the red color
represents negative potential in a range -6f KT/e, +5 KT/e]. The
calculations were performed online at
[https//server.poissonboltzmann.org/pdb2pqr/]. The unit of electrostatic
potential is energy/electron or KT/e.

lonic strength plays a significant role in electrostatic interactions and protein
stability. lons can bind to and aggregate around opposite chame ah the surface
of proteins. This influences the electrostatic interactions through changing the
effective charge of atoms. Different types of ions can also result in different ion
bonding/aggregation around charge atoms and impact the protein stalfllifyough
electrostatic interactions are considered lomgge forces, their effective range is

governed by the concentration of free ions in the solution. This effective range is
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regulated by Debye screening length. Debye screening length becorsemkbat
high ionic strength that the contribution of electrostatic interactions in protein self
interaction becomes negligible. At this condition, PSI is mainly driven by non
electrostatic shomtange interaction. However, in low ionic strength, the ebstatic
interactions are longanged (i.e., large Debye length), and PSI can be strongly driven
by electrostatic interaction upon asymmetry of charge distribution. This highly
impacts on biophysical properties of proteins and may lead to early phasatisepar
and aggregation. Figure 1.4 summarizes factors that influence ppoté@in
interactions.

In addition to salts like NaCl which modulate the ionic strength, formulation
conditions usually contain coexcipients like &tgypolymers, and alcohol tdabilize

the protein native state and improve protein colloidal statfility

lonic strength

Coexcepients

(Sugars,

£l polymers,
I alchohol, ...)

Protein
self _ Concentratio

interactions

Temperature

Sequence an(
3D structure

Figure 1.4: Schematic representation of factors influencing protetmssifctions
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1.5 CoarseGrained Modeling of Monoclonal Antibodies

Coarsegrained (CG)molecular simulation is a popular method for studying
properties like protein selfteraction, folding, viscosity, phase separation, and
molecular packing in different protein concentratid®¥ 4. Generally, a group of
atoms lumps into a singleldka i n CG model i ng. The choice
atomsdé6 depends o0 sand dnemistty eimedl to be fachigvédy Ehe ¢
common strategy for grouping atoms aims at the molecular scales that have the
minimum effect on predicting the quantity of irgst and include the essential
interactions for protein in a solution. The essential interactions include steric
repulsion, screened electrostatic attraction, and repulsion andlexirostatic short
range interactions in terms of PSI. The idea of CG hirggléacilitates studying large
proteins like antibodies that contain 4l@onhydrogen atoms. In the presence of
explicit solvent molecules, simulating large proteins is quite expensive in a reasonable
time and length scale. In addition to coagsaining the solvenis assumed implicit
and continuum within the simulation box and its effect embedded in interaction
potential to decrease the computational burdensome. This assumption saves simulation
time as no further solvesblvent, solvensalt and prot@-solvent interactions are
required.

As discussed above, the level of coagsaining of a protein depends on the
level of physics and chemistry that needs to be counted. Spherical models were the
simplest model introduced to predict the colloidal betwawf proteins in solutiorfd
5, Different levels of attractions and repulsions are embedded into spherical models
with introducing the idea of @A¢hahisge pat
added more complexity to a single sphere model when the net protein charge was

assumed at the center of spheres. In one study, one spherical bead was dedicated for
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each Fab (fragment antigen binding) and Fc (fragment crystallizable) fors®Ab
Compared to the latter, more complexity is achieved by dedicating beads for each
MAb domain (e.g., ¢, CL, VH, CH1, CH2, CH3} The models termed TRIAD and
DODECA respectively and used to predict PSI from low to high concentration for
some MAbs in different solution conditions. However, these levels of cegesaing

do not include the necessary resolution to predict physics like intraprotein interactions
and flexibility of the protein. In this case, a higher resolution is needed and can be
obtained by dedicating beads for a different part of amino acids. For example, if one is
interested in intraprotein interactions, the backbone flexibility can be implicitly
presented by three beads for each amino acid one for the carbonyl group, one for
certral carbon, and one for the amide gr6upA different number of beads can
represent the side chain. A single bead represented the side chain with three beads for
the backbone in a particular study, as discussed above. The model was called 4bAA
(four-bead-peramincacid) and used for studying the safsembly of a polypeptide

and the transition between helix and coil configuratibrdbAA was also used to
predict B2,st for various proteins with different shapes and sizes, including MADs.
Each aminaacid can be simplified more and represented by a single bead (1bAA, one
beadperamincacid) if protein remains native and fully folded and no interest in
intraprotein interactions involves in the prediction. This model was used for predicting
B2z for seveal MAbs in different solution conditiods. Figure 1.5 illustrates different
representations of MAbs discussed in this section and used to predict PSI for a range

of MAbs?3,
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TRIAD DODECA
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Figurel.5: lllustrative coars@rained models of different resolutions obmoclonal
antibodieg®.

1.6 Computational Monte Carlo Approach for Calculating Virial Coefficients

Virial coefficients can be integrated numerically through analytical expression
if one uses simple spherical models with symmetric interactions as the phase space of
the integrand is not complicated. Adding more complexity in terms of intemactio
and/or level of CG modeling can result in very complicated phase space. This
highlights the need for a more efficient computational algorithm to calculate cluster
integrals.

Mathematically, virial coefficients listed in equations-1.8 are a form of
volume integrals that depend on relative orientations between protein pairs and need to
be calculated over all space. The complex asymmetry of piptetein interactions

and the level of CG modeling can result in a very large and complex phase spéce of al
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possible interactions. However, all not configurations contribute equally to protein
protein interactions. For example, equations-1L indicate that configurations in
which the interaction energies between proteins are close to zero do not contribute
significantly to PSI as the corresponding Mayer function is effectively zero. In this
sense, the convergence rate becomes slow if one uses the standard Monte Carlo
Metropolis algorithm that weights configurations based on the Boltzmann factor. An
alternatve approach is umbrella samplfig In this method, configurations are
weighted/sampled based on a probability distribution that biases sampling toward
configurations that contribute most to the calculated quantity. In this context, an
umbrella samplingnethod has been developed by Kofke and coworkers that facilitates
calculations of cluster integrals that appear in virial coeffiélernthe method is
known as Mayer sampling and returns the value of cluster integral with respect to a
reference state. Foexample, in the second osmotic virial coefficient case, the
algorithm returns6 jO0 j instead ofé by itself. Although the choice of a
reference state is optional, steogly interactions of simple hard spheres used by
Kofke as reference states as the value of cluster integrals are known in ma#fy cases
Equation 1.9 formalizes the Mayer samplingaalthm based on theatio of virial

coefficient @ and reference state ( ).

p&o

where 3 represents a general cluster integral (virial coefficieat), denotes the

cluster integral corresponding a reference] is the integrand of cluster integral
corresponding ta , and’  is the integrand of cluster integral of reference related to

3 .“ g sis the weight/probability distribution function and brac&tO denotes
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the ensemble avage over all configurations that sampled based .oBased on the
definition of “ ,the value off j“ in the numerator is either +1 od in each
configuration, whil¢ | “ is either O or1.

The existence of in both numerator and denamator in equation 1.9 and
selecting steric interactions as reference states may also slow the convergence rate as
the rate of updates of numerator and denominator can be different. The main reason is
thatwhenthere is no overlap between proteins in thenarator/ becomes 0, and
it returns no new update on the denominator. The convergence rate depends on the
frequency of overlaps between proteins and reference states. Kofke and coworkers
introduced a modified version of the Mayer sampling metradikd Mayer sampling
with overlap sampling (MSO®)to tackle the previous problem by introducing an

overlap function between proteins and reference states. Equations 1.10 shows how the

MSQOS algorithm returns the value oivith respect t@

3 9i°0j9_j*0 .
3 ¢ j© O ¢ j* O
where* [ is the weight function of reference state and is defined as the

overlap function between reference and target integrand based on equation 1.11.

sl
LT s PP

wherg is a free parameter selected to optimize the convergence of the calculation. In

case [ i and equation 1.10 become equivalent to equation 1.9.

Unlike MS algorithm that both numerator andndminator are updated by

only one simulation, equation 1.10 indicates that the MSOS algorithm needs two
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different simulations/sampling (and“ ) to return3j 3 . However, the choice of

steric interactions as reference states can simplify equdtil0 such that MSOS

requires only one simulation to return the valugjof . To do so, the denominator

of equation 1.10 can be rewritten using equation 1.12 as follow.

g j« O ¢ js O B »p
g j* O il §sO B pfl p

| P PP ¢

where N is the number of total sampled configurations“and § S In case the
references locate at the center of proteins and overlap the ‘valuep, I

p. If references r@ separate, mtand the corresponding configuration becomes
rejected. In this context, equation 1.10 can be simplified to equation 1.13 using

equation 1.12.

302 P
3 3

where3 denotes as theirial coefficient of reference state when steric interactions
are the only interaction assumed for reference state. Equation 1.13 is valid if the target
proteins overlap simultaneously in case of overlap between references.

Both MS and MS@ algorithms have shown a great performance and were
used to calculate the virial coefficients of different systems, particularly predéin

interactions which is the subject of this dissertatfi°.

1.7 Scattering as a Measure of Proteirself-Interactions
Proteinprotein interactions can be quantified through different scattering

techniques like smalingle neutron (SANS) andray scattering (SAXS)32 | and
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light scattering. SANS and SAXS measure structure factor as a functgmatbéring
wave vector S(q). The structure factor measures the spatial distribution of proteins
influenced by protein intermolecular interactions. Equation 1.14 and 1.15 show
structure factor as a function of potential mean force between protein pafgs-and
, . OEAqi . -
YR p @ r’]r!l Q h

where® is protein concentration, anj is scattering wave vector. Structure factor in

“1 Qi PP T

pPT

zeron limit (i.e., 4 © 1t can return protein Kirkwocduff integral G

N <1 K o
IOEYr] p () IoE'T Q p Tl QI
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Although both SANS and SAXS can provide information about protein self
interactions, they required expensive and complex experimental instrumentations.
Additionally, scattered signals near zero g limit can overlap with the signal of beam
sourceand make it quite challenging and inefficient to mea30revalues in different
proteinsolution conditions.

Compared to SANS and SAXS, light scattering (LS) is nameessible. LS
has greatly been used to study factors that impact biophysical attributes of-protein
solution like protein size distribution, molecular weight, and intermolecular
interactions. Physically, LS can be divided into two general categories bashe
change in energy of incident photons 1) inelastic and 2) elastic scattering. In inelastic
scattering, the incident photons can gain or lose their energy to the vibrational energies
of proteins. This type of scattering is called Mie scattering wisiciot the subject of

this study. However, in elastic scattering, light does not lose or gain energy
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significantly through interactions with proteins, and this phenomenon is known as
Rayleigh scattering. In Rayleigh scattering, the incident wavelendgingisr than the

size of proteins (D) (i.e., typically D¥p jJt In this case, each protein can be
interpreted as a scattering source that can result in symmetric constructive interference
with respect to the direction of incident light. Figure al.$hows aschematic

representation of Rayleigh scattering.

a)

Direction of incident light
e

1 o« I,(1 + cos? 9)

Detector
(8 =90°)

b)

Intensity

Time

Figurel.6: Schematic representation of Rayleigh scatter@d.he light is scattered
symmetrically with respect to the direction of the incident light.
Detector records the photon intensity as functiorime at— w1 J
andlo represent the intensity of scattered and incident light. The blue and
red curves are illustrative examples of fluctuation in intensity at different
starting time tand trespectively.
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There are two different types of LS experiments based on the analysis of
recorded intensity 1) static light scattering (SLS) and 2) dynamic light scattering
(DLS). In both experiments, the detector is usually designed to record the intensity of
scattered potons at— o 1t(fhe direction of detected photon with respect to incident
light) as a function of time (cf., Figure 1.6b). Because of the stochastic motion of
proteins in solution, the detector does not record a uniform intensity as a function of
time. Although in elastic scattering, the scattered wavelength from stationary scatters
do not change, the random motions of protein change the emitted wavelength from
proteins due to the doppler effect. As a result, the superposition of scattered lights can
either strengthen or weaken the recorded signal.

Consequently, the detected signal undergoes fluctuation. Figure 1.6b illustrates
the recorded intensity at two illustrative timesnd ¢, with different patterns but the
same average intensity (denoted by dsh line). While SLS uses the absolute
intensity average, DLS evaluates the time evolution of scattered intensity by an
autocorrelation function.

In SLS, the average scattered intensity is used to calculate the excess Rayleigh
ratio. Some of the instroents are designed to measure the scatter light ato 1T In
this case,' ¥ ) denotes the excess Rayleigh-at w 1tahd is given by equation 1.16.

Y g 8— Y i PP @
o ¢
where Qs the intensity of the sar® (O, buffer (O), and reference @, n is the
refractive index of the sample () and referenceg() and'Y ; is the Rayleigh ratio of
reference at— 1T As toluene is known as a strong scatter of light, it is usually used

to calibratethe instrument’Y values are normalized by a reference due to the
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calibration of the instrument. Equation 1.16 is then used to measure PSI in the form of
Kirkwood-Buff integral (O ).
Y

0— i‘)ﬁ (I) i‘)“O(I) pfﬁ)x

whered | is apparent molecular weighh is protein concentration and is the

“

true molecular weight of proteim  Q§ Qo T1“ & jO _ is optical constant,

0§ Qo is the slope of refractive as a function @biein concentrationdg), 0 is

Avogadro number and is the wavelength of incident light. The valuesiof; and
"O can be obtained through a nonlinear regression™fj 0 versus protein
concentration. In dilute limit, the second ogimovirial coefficient @ ) can be
estimated byO up to a constant (i.€Q © ¢6 ).

As already mentioned, DLS works based on the thermal motion of proteins in
solution. DLS uses the intensity fluctuation as a function of time to edécun
autocorrelation function. The autocorrelation function decays exponentially for
monodisperseparticles. The rate of decay depends on the diffusion behavior of
proteins®.

0t GOOOO TO’p (Q o U
g0o O
wheret is the delay time)Q t is the normalized autocorrelation functié@) is the
intensity at timed, bracket represents the time averdges a coherent factor that
depends on detector area, optical alignment, ancesicattproperties of proteing.
1 §_ OEdj¢ is the scattering wave vector—is scattering angle, n is the
refractive index of the solution, an® is the collective translational diffusion

coefficient.
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Physically,O represents thequilibrium mean square displacement of proteins
related to the hydrodynamic radius of proteins via the StBkesteinSutherland

equation. In dilute limitO can be represented by equation 1.16.

oY

O ¢~

PP w

where— is solvent viscosity, an&¥ is the hydrodynamic radius. Equations 1.18 and
1.19 indicate that the rate of decay of autocorrelation function is slower for bigger
particles like dimer, trimer, or aggregates as they corresptin a higher
hydrodynamic radiusO can be further related to protganotein interactions via
protein diffusion interaction parameterQ(). O is a concentrationlependent

parameter that can be expanded by equation 1.20.

0O Op Qo E pg T

where’ O denoted as tracer diffusion coefficient wh@r® 1. Equation 1.20 shows,
in dilute limit, 'Q can be obtained via linear regression ‘©f versus protein
concentrationd). 'Q parameter is known as a surrogat® of as in dilute limit they

can be correlated by equation 1.21.

Q 16 Q PE P

whereQ is a constant and corresponds to hydrodynamic factors in dilute |linmit.
equation 1.21 is also a constant that depends on net proteintsgdftions strength.
In a previous report, SLS and DLS have shown that the value€lose to 2 when
PSI is net repulsive. In the case of net attraction among proteiri$®. Figure 1.7

shows the correlation of normalizé@ values (denoted a© 76 ; vs &6 values
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(6 T  for a small protein (aCgn) and two different MAbs at various
formulation conditions. The value @  corresponds to steric only interactions

between two proteins.

kDIBH,ET
o

B,./B

22 22,57

Figure1.7: NormalizedQvalues (denoted @76  vs6 valuesd 76
for aCgn (orange squares), MAb1(blue circles), and MAb4 (green
triangles) in various formulation conditions at various temperatures. The
two lines represent slopes 1 and 2 for easy coisyra between two
proteins®.

1.8 Organization of Dissertation

The overall objective of this dissertation is predicting and controlling protein
selfinteractions using both coargeained modeling and experiment.

In the second chapter, a suite of low to high resolution caaeseed (CG)

models was used to predBt: values for several MAbs as a function of total ionic
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strength. In previous reports, SLS has shown a broad range of attractive and repulsive
self-interaction in different pH and ionic strength for these molecules. The predicted
B22 values were then comped against experimental results which have been
previously reported. A new CG model called 1bC/D (beadperchargecite-and
domain) was also introduced to capture specific electrostatic interactions with
improved accuracy of PSI prediction when coneglato the previously published
models. CG models were then compared against each other based on predicting B
values against the experiment. This led to a guide for selecting CG models that
optimizes computational burdensome and accuracy.

In the third clapter, the 1bC/D model was used to rank the contribution of each
charged residue to protein seaiteraction of a very poor soluble MAb through
mutations. Experimental data in the previous report has shown extremely negative B
values from low to mediumonic strength for the wildype (WT) protein. Charge
swap and charg®-neutral mutations were performed for each charge residue in WT
protein to predict B values after each mutation. Each charged residue was then
ranked based on the improvement ik Balues compared to WT protein. Twelve
variants that exhibited the greatest enhancement2ih iBere selected and made
experimentally, and B and lo values were measured using both static and dynamic
light scattering. The 1bC/D model showed quantitative/ssgrantitative Bz values
when compared against experimental. Also, the minimal impact on the thermal and
structural stability of variants was confirmed through differential scanning calorimetry
(DCS) and circular dichroism (CD) experiments.

In the fourthchapter, a new computational approach was introduced to predict

B22 values of three MAbs at pH 5.5 and &s a function of ionic strength. The major

27



problem targeted was estimating electrostatic interactions at a condition where the pK
of a titratable residue is close to the pH of the solution. In this condition, the

corresponding charge residues are not fully charged based on the Henderson
Hasselbalb equation. The new algorithm allows charge residues to fluctuate at each
configuration during simulation based on the corresponding probability of protonation.
Compared to static charge simulation, the new algorithm resulted in quantitative
prediction of B2z values compared to experiment for the measures range of ionic

strength.
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Chapter 2

TOWARD A SUITE OF COARSE -GRAINED MODELS FOR MOLECULAR
SIMULATION OF MONOCLONAL ANTIBODIES AND THERAPEUTIC
PROTEINS?

2.1 Introduction

As described i n Chlaepntgeers 1s,u cbhi oapsh ypso ocrals
viscosity, and irreversible aggregation ¢
therapeutic protein candidate during the
st a%j @& These challahbgs aasessggpi by a rang
assays 1including scatatnegrlien gn etud a fpomis gaaneds ext i
and Il i ght scattering) as di scussed i n c
characterize physical ebhdashemspahsesoper
conditions such as ther mal and c h-emi cal
consumi ng and can require prohibitive am
prompted the development of oomewntat Amoal
these comput atgroamianed o0(0CG), mmwlagswel ar si mul
used to i navsessadigaattieons,elffol di ng, phase sepe:

mol ecul ar packingtondfioplk e abd netd enk bennovfi rr botnwne n

1 This chapter is based on a publication by Hassan Shahfar, James K Forder and
Christopher J Roberts).(Phys. Chem. B021, 125 14, 3574 3588. Hassan Shahfar
performed model development, data analysis and awpte James K Forder
contributed to datanalysis and writeip. Christopher J Roberts was the corresponding
coauthor and offered advise throughout the project and revised the maAduscript
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(cf ., chapt er 390409% Pt pipaionleibMt sedc¢ti ons
highlighted i n t hisntehapcttearons asar emetr e ad
exper i #e®PA°°49°%% ya n d can be guanti fied t h
s i mu 1.3&%°1E8H #8110 More details are provided in Chapter 1 sections 1.3 and

1.5and 1.6.

Proteirprotein selinteractions are quantified in this chapter via osmotic virial
coefficients# and are a function of steric repulsions, electrostatic repulsions, and
attractions and shorranged norelectrostatic attractions (e.g., van der Waals forces,
hydrophobic and hydration effects) between protein molecules (See Chapter 1 section
1.4)811 While experimental measures of silferactions are related to several
problemaic behaviors in therapeutic protein formulations, they do not necessarily
guantitatively predict these behavidf81? 14 As described in Chapter 1 sections 1.4
and 1.5, a given CG model should capture factors that are relevant to the net self
interactions, such as the solution pH (charge state of ionizable residues), ionic strength
(Debye length for screened electrostatieractions), ceolute concentrations (e.g., as
it relates to ion binding), hydrophobicity, amino acid sequence and/or folded structure
(location and identity of amino acid®)?"115116

Chapter 1 section 1.7 describes how -geHractions of therapgic proteins
can be characterized experimentally by static light scattering (SLS), dynamic light
scattering, smaléngle neutron scattering,-ray scattering:#444/,91108109117  Ag
described in Section 1.3, the second osmotic virial coefficient, dn be used to

guantify net selinteractions at low protein concentrations and is defined formally as:

§ Q % p o @
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where @ »h is the potential of mean force (i.e., including solvent
averaged interactions) between two proteins as a function of their -tewctmnter
di stance (r), and relative orient@tions (
approaching zer8® A value of B above (below) zero denotes net repulsions
(attractions). The concentratimtependent analog of 2B is the KirkwoodBuff
proteinprotein integral, @, which can also be used at higher concentrations (i.e., for
multi-body protein selinteractiors) and is related t822 at low concentrations via
o) -1 _E'D .18More details are provided in Chapter 1 Section 1.3.

The effect of elevated protein concentration on PPI was discussed in Chapter 1
Section 1.3. In the case of MAb formulations for subcutaneous injection, proteins
become more crowded, and midbdy interactions can influence seiteractions. In
this caseselfinteractions can be quantified by using higbeter terms in the virial
expansion, shown in eq 2.2. In eq 22, is the solution osmotic pressurewNb
protein molecular weight, R is the gas constant Bl the absolute temperature. A
denotes he ith virial coefficient and represents the net setiéractions between

protein molecules in solution ¢A= B2p).+8611°

t 0

— ® 60 60 060 00 E

In principle, molecular simulations of protein solutions would aietom
models with explicit solvent, but this is not feasible in many contexts such as when
one seeks to quantify virial coefficients for large protein molecules such as MAbs,
and/or to test a wide range of protein candidates and solution conditidHs?® As
described in section 1.5, coaga ai ni ng or Al umpingo atom

computational efficiency of molecular simulations by reducing the number of
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I nteraction sites or Afbeadso, all owing
practicabé. Rational coarsgraining strategies typically prioritize simplifying the
molecularscale details that have the least impact on quantitative accuracy and provide
the most computational gain, focused on a particular experimental property or
properties thiaare being predicted. CG models for protein solutions must retain a
physically realistic representation of interactions essential to their solution behavior.
At a minimum, this would include repulsive steric interactions, (screened) electrostatic
repulsiols and attractions, and shoanhged norelectrostatic attractions. Additional
features might also include contributions from explicit-soduted®''1?5 local
hydration layer®% 129, and amphiphilic molecules such as lipids and surfactafts.
135 The sequence and/or structure are key inputs to any model as they provide
guidance for bead positions and types (e.g., different atoms, atdsd chemical
moieties, amino acids, or domains). Protein structure can come from homology
modeling or experimntal xray crystallography, NMR spectroscopy, or electron
microscopy:3

Hydrogens bonded to aliphatic carbons, as well ashydnogerbonding
heteroatoms are typically the first to be coagsined to create uniteatom models in
conventional atomistic force field313¢'141 As proteins are chemically heterogeneous
molecules with often complex or spatially specific interactions, -héglolution
models are needed for simulations that require-lsitel detail for inter and
intramolecular forces such as those related to hydrogen bonding, hydrophobicity,
solvation and highly specific or localized interactions between solvent, solute(s), and
particular atoms within amino acid residdé¥? 143 To capture such features in

atomistc models for proteins typically requires explicit solvent/solute molecules in the
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simulations, and this can be overly computationally burdensome given the large
number of solvent molecules needed (See Chapter 1 Sectiof?®¥5¥* For
instance, ithas been estimated that 20+ water molecules per proteshytnagen
atom were required for accurate simulations of a model protein with rd®
hydrogen atom&** MAbs and other larger proteins have #b® more norhydrogen
atoms, meaning ~20solventmolecules are needed for just a single protein in the
simulation. This typically also requires molecular dynamics methods, and much of the
simulation time is spent probing shorter time and length scales, which becomes
problematic when one is focused orofginprotein interactions starting with two
protein molecules and then moving to higher protein concentrations (See Chapter 1
Section 1.3):%3118145

It was noted in Chapter 1 Section 1.5 that it is attractive from a practical
perspective to abstraexplicit details to an implicit, continuum solvent as the next
step in coarsgraining. The solvent model can also be partially implicit such that
some cesolutes remain explictt1?®> This can require adjusted interaction potentials
to account for solvation free energies, as well as issues with electrostatic interactions
where charged atoms can approach each other more closely than would be possible
with explicit solvent molecules prest2584143.146 \When one considers larger proteins,
and interactions between two or more proteins, even a tetited representation with
implicit solvent may not be computationally efficient and further cegraaing to
simplify amino acid descripins is necessary. It is described in Chapter 1 Section 1.5
that if one includes an explicit backbone, then the backbone is most commonly
abstracted to three beads (one each for the amide group, carbonyl group, and alpha

carbon) per amino acf¥?7%8148 |f one does not need to account for flexibility of the
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backbone for intrgorotein hydrogen bonding and secondary structure changes, the
sidechain can be lumped with the backbone into a single bead (i.e., one bead for each
amino acidf3°79814874 Interaction potentials for CG models can be parameterized
empirically from general databases or protgpecific experimental data or be derived
from higherresolution modelg34549 Notably, the charged atom(s) in ionizable
amino acid residues or grasipf residues are typically lumped into a single charged
bead that does not coincide with the location of the charged atom(s) in the original
structure. This has the potential to significantly impact electrostatic interactions at
shorter chargeharge disances due to possibly unphysical location and size of
charged site$23'° Models that have a single site for a given amino acid have the
minimum resolution needed for simulations that are sensitive to local protein surface
anisotropy, such as those related to the distribution of charged and hydrophobic
residues. This resolutiois also important when considering the impact of a single
mutation or chemical modification of candidate amino acids.

Lower resolution models lump multiple amino acids into a single bead, for
instance, based on structural regions such as doAidii#4** These models can be
used to quickly provide insight into behaviors that do not require a representation of
interactions between explicit amino acid residues, suchasasd | ed #Acol | oi da
interactions that are characterized by relatively unifetrarge distributions and net
electrostatic repulsions at low total ionic strength (PPSj.In some cases, one may
only be interested in interactions that occur between a subset of locations on the
protein, as is the case when specific electrostatieractions dominate self
i nteractions. I n that <case, a fAhybrido mo

(.,e., amino acid positions) can be coagsained so that highesolution

34



representations of only the key amino acids (e.g., those that areedhaare
considered computationalf}15% 154

This chapter focuses on MAbs, which aresivaped proteins composed of 12
domai ns. Four wvariable domains, t wo at
defining regions (CDRs) that vary between distinct MAlghin a given MADb
subclass and bind to a specific epitdpevariations in the sequences of CDRs are a
primary source of the broad and difficult to predict the range of biophysical properties
for MAbs # The large majority of the amino acid sequebesides these CDR regions
Is conserved within a given MADb subclass. CG models have been developed for MAbs
with 3, 6, or 12 beads to represent the domains as described in Chapter 1 Section
1.525394788 Some models have additional bead(s) for the hinge régidh or for
each CDRY®

Figure 2.1 schematically illustrates a series of representative ayaised
models for MAbs (four of which were introduced in Chapter 1 Section 1.5), with
different levels of coarsgraining, and compared (roughly at scale) to arat@iin
representation. Each of the CG models in Fig. 2.1 was used in this Chapter to predict a
range of lowconcentration net selhteractions compared to published experimental
measurem&s (e.g., Bz values) as a function of pH and ionic strength for a range of
MADbs. The full sets of experimental data are shown in AppendiXh® HEXA (6
beads) and DODECA (12 beads) models are from prior &®&trkand aim to
approximate MAb excluded Wwme and broad charge anisotropy while maintaining
computational efficiency. The ofimadperamincacid (1bAA) model (~1300 beads
for a typical MAb) was also developed in prior w&#, and provides better

resolution of where each amino acid lies in the overall structure of the protein.
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However, simulating concentrated systems (e.g.,%d13 proteins in the same
simulation) is computationally impractical using the 1bAA mddélAn intermediate
model is also introduced here, termedebeadperchargedsite-andperdomain
(1bC/D). It uses domailevel resolution for steric repulsions and skariged non
electrostatic attractions, and close to ateleie!| detail for electrostatimteractions.

The 1bC/D model contains much fewer CG sites relative to higher resolution models
such as 1bAA, with typically ~-30 fold reduction depending on the number of
charged sites in the MAb sequence. This allows for more efficient simulations and
access to higlconcentration conditions for protein systems that are strongly
influenced by electrostatic interactiowhile these models were applied to MADbs in

this Chapter, they or their analogs can be easily adapted for use with other proteins.

1bC/D DODECA HEXA

Figure 2.1: Schematic structures of CG models for monoclonal antibodies shown
roughly to scale. Domain beads for 1bC/D are deliberately shown as
slightly smaller to show the location of explicit charged sites for positive
(red) and negative (blue) chasyéinkers shown between the Fc and Fab
for HEXA, DODECA, and 1bC/D are putative and not represented with
explicit beads in those models. Portions of this figure are reproduced
from CalereRubio et &°.
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This Chapter assesses a series of related CG Isnatia@ifferent levels of
coarsegraining for molecular simulation of MAbs using les@ncentration self
interactions as the main test cases. The models were characterized based on their
gquantitative accuracy, relative speed on the same processor, arfuliscéba future
use in multibody simulations for higher protein concentrations. Prior work has
compared some of these models to experimental-irgelfaction parameters
(specifically B2) based on SLS over a range of pH values and TIS values, for MAbs
referred to here with the same nomenclature as in prior work: M&t MAb 2%,

MAb A351 MADb B3°! and MAb G5 The experimental net sdtfteractions varied

from strongly repulsive to strongly attractive over the solution conditions and MADb
identities. The model comparisons provide data to inform a general approach to
representing the fundamental interactions deee for CG models of therapeutic
proteins (i.e., steric, electrostatic, and shartged norelectrostatic interactions)
based on available computational resources and the simulated quantity of interest.
Additionally, the intermediate model 1bC/D is intmeéd in this Chapter as an
appealing option for systems that require -ltee| resolution for electrostatics but
suffer from a high computational burden, especially at higher concentrations. Overall,
this Chapter provides systematic model comparisonscratbe used to guide the
selection or development of an appropriate CG model for molecular simulation of
proteins and inform on general questions of what level of CG modeling is needed to
capture the key attributes for protgirotein selinteractions tht span from colloid

like behavior to highly specific interactions between key residues.
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2.2 Methods

2.2.1 Monte Carlo Simulation

The Mayer sampling method with the overlap sampling algorithm (MSOS)
which is described in Chapter 1 Section 1.6 was tsedlculate Bz or higher order
virial coefficients (i.e., As45 for a given set of experimental conditions (MAb
identity, pH value, and TIS value). As noted in section 1.6, MSOS is an umbrella
sampling method that biases the MC simulation towaraddigurations that have a
greater influence on the final value of a given virial coefficient. Virial coefficients are
integrals where the integrands consist of one or more Mayer functions between protein
molecules a and b, defined Hy Q h 7 p) (cf., Chapter 1 Section 1.3)
MSOS is a freeenergy perturbation method that calculates integrals such as eq 2.1
with respect to a reference state. In the present case, the reference state was the
contribution to theith virial coefficient fromstericonly behavior of the given CG
model, termed B,stor Aist (i > 2) for higher order virial coefficients which were
described in Chapter 1, Section 384156157 Therefore, B2/B22,stor Ai/AisT values
above (below) 1 indicate net repulsive (attractive) prepeotein seHinteractions
with respect to stertonly behavior.

To compare experimental and simulategt Balues across different models,
experimental data were normalized by2Br as calculated for each MAb in prior
work 3484 MSOS simulations were performed in an infinite volume at 25 °C with the
number of CG MAb molecules that correspond to a giveialwpefficient (e.g., two
molecules for Bz, three molecules for A etc.). One MAb molecule is stationary at
the origin while each new configuration is created by moving a different MADb

molecule(s) relative to that origin. Each molecule is treated agida body; new
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configurations were generated via translations and rotations for a given molecule
based on its geometric center. An equilibration period was included that used 1% of
the total configurations in the simulation to refine the maximum transdtio
displacement and rotation angle so that the acceptance ratio was roughly 50% for the
remainder of the simulatidi#®® For the HEXA and DODECA models, ~10C
configurations were generated fog2Bimulations. For higher resolution models, the
numberof MC configurations for B simulations ranged from ~3@or netrepulsive
systems to upwards of ~1fdr some net attractive conditions, as more configurations
were needed to converge-Bn conditions that yielded more strongly net protein
protein attactions? For higherorder virial coefficients, ~181C® configurations were
needed for convergence.

B22/B22,st was calculated with each model for all experimental conditions
tested in this Chapter. Higher order (third, fourth, and fifth) virial coefficients were
calculated for MAb B at pH 5 for a range of ionic strengths as a test case for the
applicability of thelbC/D model for high concentration conditions to compare with
recent resulté.Additionally, second and higher order steric virial coefficients (e.g.,
B22,st and Ast) were calculated for each model, including-athm, to provide
reference states ambnsider differences in packing in future work that will compare
against higkconcentration experimental results. For calculating the static virial
coefficients with the different levels of structural resolution, the reference state in
MSOS was choseto be a single hard sphere with a diameter of 6 nm, thus each
simulation returns Ast/Ains. Ains is the virial coefficient for a system ofhard
spheres which has been solved analyticafyAll-atom simulations were performed

with the Cornell et la model with implicit solvent and fOconfigurations were
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generated®® Approximately 50 percent of the atoms in a MAb have no solvent
accessible surface area (SASA) and were excluded from th&oall simulations as
they do not contribute to excludedlume effects between MAbs. For the fourth and
fifth virial coefficients calculated for the aditom model, atoms with SASA values
below 5 & were removed, reducing the total number of atoms from ~5000 to ~3000.
Based on results forBstin Appendix A (4. Figure A2), this produced an estimated
error of 4 percent. Additionally, the relative speed of each CG model was compared
using the MSOS algorithm to calculate each virial coefficient up to the fifth
coefficient. For benchmarking CPU times, simulatiavere run on a single thread

using an Intel Xeon E2680 v3 processor.

2.2.2 Coarsegrained Models and Interaction Potentials

Interaction potentials for the four models (HEXA, DODECA, 1bC/D, and
1bAA) treat the solvent implicitly and consider only the sum ofvpag interprotein
interactions between beads. The potentials were parameterized by experimental data as
described below. All four models use a similar mathematical form for the steric and
electrostatic interaction potentials, but with different paramet&res for the latter.

Steric interactions are modeled by a hapthere potential for all beads, shown in eq

2.3, whered 1 s the steric potential between beadsndj, i is the centeto-
center distance between them, gndis the average diameter of the pair of beads, i.e.,

" . » AG where si and s; are the diameters of beads and j,

respectivelyt06.113
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Electrostatic interactions are modeled with a modified scre@uoedbmb

potential via
° ' irhirg —2 &
Y zt [ n fr]i y C
p C ”
where6 1 s the effective electrostatic potential between beadslj, ] is the

valence assigned to begdandll  is the Debye screening length based on the TIS of
the solution.z is the Bjerrum length,t § Q°Y , wherd is relative permittivity,

i is vacuum permittivityT is absolute temperature, ai@@li s Bol t zmannos
The underlying meatfield theory for this potential is most appropriate above very low
ionic strength®%161 |n this Chapter, it was restricted to TIS above 10 mM, and
comparison to experimental data was focused on those conditions for a given pH and
MADb. The net charge or valence assigned to heé&dknotedq) is scaled by an
adjustable parametér to bette match its effective charge in solution, which can
deviate from the theoretical value due to territorial ion binding or by the
approximations noted in the Introduction regarding the choice of charge location for
CG models. That is, 1} is the effectire charge in solution and L 3For
simplicity, the value of was assumed to be independent of the bead location or
chemical identity for all beads in a given CG model and therefore a sirgdeameter

was used in each model, although the numerical valuesagdre different for a given
model®*%The terms vience and charge are used interchangeably in the remainder of

this report.
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For the HEXA and DODECA models, domain chargg9 @re shown in
Appendix A (see Tables Al and A2), and were calculated by applying the Henderson
Hasselbalch equation with nominpKa values to the amino acids combined or
Al umpedo i nto a 2Fhews of ndminal givalues can amipact)the
[ parameter as pivalues of residues are known to be influenced by interactions with
other residues in the protein, thereforalences assigned to residues may be only
approximate, leading to deviations from the effective charge in solution if the local
chemical environment leads to shiftedspkaluest'1%? For pH values in this Chapter
(pH 5, 6.5, and 8), all 1bC/D dbAA beads representing aspartic and glutamic acid
residues were treated as havirig valence, those for lysine and arginine have +1
valence, and histidine have +1 valence at pH 5 or no net charge at pH 6.85nd 8.

The interaction potential for sherdnged norelectrostatic attractions such as
those due to a combination of van der Waals and hydrophobic interactions is different
for the domaidevel models (HEXA, DODECA, and 1bC/D) and the 1bAA model.
For the domaidevel models, the interaction potetia i between beadon a
given protein and begdn its neighboring protein, is shown in eq 2.5, wher&0 for
HEXA andn=6 for DODECA and 1bC/D, chosen so that the effective range of decay
of attractive interactions is approximately 1 #fm. is an adjustable parameter that
represents the maximum strength (well depth) of sfaojed norelectrostatic
attractions andt normalizes the potential such that the minimum energy is in

units of Q "y48384

Y QY 1 T ®
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Shortranged norelectrostatic attractions for 1bAA are modeled as a

continuous piecewise functigi®

wherei ¢’ , and- isthe geometric mean of the relative hydrophobic values of
the two interacting amino acids; - .3%879 At i i , shortranged norelectrostatic
interactions transition from being purely regiué to attractive. Repulsive interactions
are not specific to the interacting amino acids while attractive interactions depend on

- - . Relative hydrophobicity values) are normalized such that the scale is from 0
to 1, where the most hydrophobic residue (leucine)-has p. The scale was
derived by Bereau and Deserno based on analysis of crystallized protein -residue
residue contacts based on the work ofaziawa and Jernigdf63

The 1bAA model places a bead at the geometric center of each amino acid,

where each amino acid has its own diamete), (relative hydrophobicity(- ), and
charge ().37%% Amino acid locations were determined from homology models or
other sources of PDB files for each MABead diameterss() for theith residue are
based on the amino acid chemical identity, were determined previously, and are listed
in Appendix A (see Takl A3)%81%4 Each of the beads in the DODECA model
corresponds to one MAb domain, where one bead comprises approximately 100 amino

acids. The heavy and light chains are split into four and two approximately equal
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length segments, respectively, such that each beadnigrised of a similar number of
amino acids. The HEXA model combines pairs of DODECA beads so that each of the
six beads represents approximately 200 amino acids. HEXA beads include one bead
for each of the Fdomains (each ¥+ Vu), and one for each C1 oain (each C+
CHl), along with one bead for the C2 domain (combingd ffom each heavy chain)
and one for C3 (combinedn@ from each heavy chain). The default set of residue
indices for DODECA domains are shown in Appendix A (see Table A4), although
they could be adjusted based on user preference and/or algorithm for delineating the
domains. The models are geometrically constrained by distances between centers of
the domains or regions (e.g., Fc and Fab) as shown in Appendix A (see Figure A3).
These disinces were chosen to resemble existing crystal structures (IGGY, 1IGT, and
from Padlan et al.) and are treated as constant regardless of MADb i&&it§166
Bead diameters,( are 3.5 nm for each DODECA domain and 4.4 nm for each
HEXA domain, ad were chosen to matchd3rof a model MAb as calculated by -all
atom MSOS simulationf§:165

Much like the DODECA model, the 1bC/D model introduced in this Chapter
uses one bead per domain with each bead having the same size. However, the domain
bead are placed at the geometric center of each domain based on a given rigid protein
3-dimensional structure for that particular protein (e.g., homology modetray x
structure) rather than using a single set of locations across all candidate MAbs that
wasthe default for the HEXA and DODECA models. Domain bead locations for the
1bC/D model are specific to the given MAb homology model and the domain beads
do not contribute to electrostatic interactions. The geometric center of a domain was

calculated as thaverage of the coordinates from a given homology model of all non
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hydrogen atoms in a domain, where domains consist of the same amino acid
sequences as in the DODECA model (see Table A4 in Appendix A). The dtaweain
beads in the 1bC/D model account fsteric and shostanged norelectrostatic
interactions and use the same potential functions as DODECA, eq 2.3, and eq 2.5, with
different parameter values.

The domain bead diameter for the 1bC/D model (same diameter for all
domains) is MAbspecific and \&s chosen to matchzBstof an allatom model of the
given MAD, as described in Appendix A (see Figure ABr the 1bC/D model,
electrostatic interactions were modeled such that charged beads were placed at the
location of each charged (unitesitpm. Bead diameters for charged sites were the sum
of those from the Cornell et al. @tom model ( ; with an added width of a putative
hydration layer(w .'*° The value ofw is the same for all charged sites in a given
simulation. The netliameter of a given charged bead was ® . In this Chapter,
the range ofp was 0 to3 A, where 3A was used for the results shown in the main
text below. This was chosen to capture a putative hydration layer of one water
molecule, thus excludgvery strongly interacting configurations that can occur when
charged beads are unrealistically close and dehydrated, as the current model uses an
implicit-solvent approximation. Results below are showrufoof 3 A, although the
gualitative and semyuantitative conclusions hold for other values f. Bead

diameters,( ; for each charged site are shown in Appendix A (see Table A5).
2.2.3 Average Relative Deviation Error Calculations

Model predictions of B/B2zst are compared to experimental valuesing

average relative deviation (ARD) values defined as follows,
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where dq i s the nuxmibtheith exgerinetraal & predictedrvalue an d
from a given data sét?® The experimental data can be found in Appendix A. For the
purposes of this Chapter, any differences between calculated (predieted)lis
and the corresponding Kirkwodsuff integral (G2) values were neglected. That is
only expected to be quantitatively significant for the experimental valueszidoB
MAb C anddoes not affect the conclusions beloVdiRD provides a quantitative
measure of average error that is used to compare the prediction from each model for a
given data set. ARD values when compared between data sets are not necessarily
directly comparable as experimental values that are largagmitade or close to zero
will bias the resulting ARD values. For example, for MAb 2 at pH 5 and 107 mM TIS,
B22/B22,sT was measured to b#.06 +/ 0.05. A quantitatively accurate predicted
B22/B22,ston the order 0f0.1 (within experimental error) yiedda relative deviation of

100% because the denominator is so close to zero, and that disproportionately biases

the final ARD value.

2.2.4 Adjustable Model Parameters

The shorranged norelectrostatic and electrostatic interaction potentials each
have an adjuable parameter that must be specified:, the maximum strength (or
well depth) of shortanged norelectrostatic interactions for a given site/dom{ n;
an adjustment factor for the effective charge relative to the theoretical charge in

solution fora given site/domain (see Section 2.2.2). For the HEXA and DODECA
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models, ARD values were calculated from MSOS simulatione#gBB stvs. TIS for
arange of and’ values. This generated surface plots (e.g., Figure A4 in Appendix
A) where the opmal range of values of both parameters were determined
simultaneously. For the more computationally burdensome 1bC/D and 1bAA models,
- was optimized for a given protein and pH value by matching the model predictions
withT 1t to the corresponding egpmental value of B/B22 st at the highest TIS

value available, such that the Debye length is small and electrostatic interactions are
essentially fully screened. With that fixed value,/ was sampled until an optimal

value was found when compared to the full experiment#BB stvs. TIS profile.

2.2.5 Results and Discussion

2.2.5.1 Models Comparison

lllustrative experimental B values as a function of TIS are shown in Figure
2.2 for selected casesat show qualitatively different behavior. In Case (i), values of
B22/B22,stare large and positive at low TIS, and decline monotonically with increasing
ionic strength until a plateau near zerex/B22,st at high TIS values. In Case (i),
values of B2/B22st are positive or near zero at very low TIS, then decrease and
become negative at intermediate TIS, and increase monotonically with increasing
lonic strength until a plateau near zerg/B22,st at high TIS values. In Case (iii),
values of B2/B22st are large and negative at low TIS, and increase monotonically
with increasing ionic strength until a plateau near zer#BBz st at high TIS values.
Experimental data for all five antibodies as a function of pH and TIS is shown in

Appendix A (see Figure Al)
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Figure 2.2: Experimental BB22stvalues as a function of TIS for MAb 1 at pH 5
(blue squares), MAb B at pH 5 (green circles), and MAb 2 at pH 6.5
(yellow triangles) to illustrate characteristic behavior for Cases (i), (i),
and (iii), respectivig.34

Case (i) is an example of classic colldike behavior that would be expected
for proteins with high net surface charge leading to-isédfractions that are more
repulsive than sterionly interactions (i.e., B/B22 st values greater than 1) due to
long-ranged electrostatic repulsions at low ionic strength, while electrostatic
interactions become screened at high ionic strength asiB2Bst values plateau at
values close to zerd&ase (ii) is expected for proteins wiboth positive and negative
charges but there are sufficiently attractive interactions between opposite charges on
neighboring proteins that there are net attractions at low to intermediate ionic strength,
but at very low ionic strength the Debye scregnliength becomes so large that the
high net charge on the proteins causes the net interactions to resemble more of a

classic colloidal model. Case (iii) is expected if the net charge on the protein is near
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zero and the distribution of charges on the serfecsuch that enough charges of
similar value are Aclusteredod spatially
strong attractive interactions between groups of oppositely charged amino acids,
although Case (iii) behavior can also occur whenetlesignificant net charge on the
protein. For the CG models considered here and elset?fiefe38498167  the
underlying assumptions of a screef@@llomb implicit solvent and implicit ion
model are questionable at very low ionic strength foichiprotein concentrations for
measuring B2 (e.g., significantly below 10 mM TIS where the mdaaid
approximation likely breaks dowfj®!6! The comparisons between models and
experimental data below will focus on TIS values above approximatelyMLO m

The interaction potentials for the CG models introduced in Section 2.2.2
require the specification of bead diameters (sets whlues,i denoting different bead
types that are summarized in Appendix A, (see Table A3 and Table A6), the
maximum strength of sheranged interactions- ( ), and the adjustment factor for
effective chargeg (). Sets of, and- values will be discussed in what follows and
optimizing[ will be discussed in the next section. Bead diameters appesirtime
interaction potentials and are the key parameter(s) that influences steric interactions
once one sets the location of each beadsBaccounts for the steric or excluded
volume contributions to B. The HEXA and DODECA bead diameters were chosen
as 4.4 nm and 3.5 nm respectively in prior work to matclatalin steric behavior
(B22,s1) of a model MAD, with all six (twelve) domain beads having the same diameter
in the HEXA (DODECA) modet31%> A similar procedure was used to determine the
diameer of each of the twelve domain beads in the 1bC/D model, except that the

value of B2 stfrom an atomistic model for each MAb was used to matelsBor the
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1bC/D model. The value ofBstwas 11.4 mL/g for MAb A, 9.7 mL/g for MAb B,
12.0 mL/g for MAbC, 9.9 mL/g for MAb 1 and 10.6 mL/g for MAb3#:24 B22 stwas
calculated for the 1bC/D model for each MAb as a function of domain bead diameter,
shown in Appendix A (see Figure A5), with all charged sites represented explicitly
and contributing to steric interaction§he domain bead diameters for the 1bC/D
modéd to match with the B,stvalues from the alatom calculations were 2.7 nm for
MADb A, 3.15 nm for MAb B, 2.9 nm for MAb C, 3.1 nm for MAb 1, and 3.35 nm for
MADb 2. As described in Chapter 1 Section 1.4, protein shape plays a role in excluded
volume or stric only interactions, for examplé&JAb A and MAb C have larger
values of Bz stbecause the homology model structure is somewhat more extended in
the hinge region than the homology models for the other antibodies considered here.
The effect ofpH and ionic strength for modulating the magnitude and range of
electrostatic interaction was discussed in Chapter 1 Section 1.4. At high TIS (e.g.,
~300 mM) the Debye screening length is small, causing electrostatic interactions to be
heavily screened ansolution behavior to be dominated by the influence of steric
repulsions and sheranged norelectrostatic attractions. As steric interactions are
already determined by the choice of bead diameters, the maximum strength of non
electrostatic shomanged attractions { ) can be chosen by matching MSOS
simulation results to experimental sgiferaction measurements at high TIS. Figure
2.3 showsB22/ B22,sTas a function o=  for the 1bAA model for each MAb under

conditions where the electrostatic potential is not included (equivalently;, withr).
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Figure 2.3: B22/B22,stas a function o= in the limit where electrostatic interact®n
are not included (i.ef  m) for the 1bAA model for MAbs 1 (solid
black), 2 (dashed blue), A (dotted green), B (edstied yellow), and C
(dashdouble dotted purple).

Analogous results for the other CG models are shown in Appendix A (cf.
Figure A6). For the 1bC/D and 1bAA models, is chosen to match the experimental
B22/B22,stfor each MADb at TIS greater than 300 mM (independent of phg. HEXA
and DODECA models have fixed structures regardless of the choice of MAb, so the
curves in Appendix A are the same for any given M¥halues of- for each MAb
and choice of CG model and pH are listed in Table 2.1. At sufficiently high TIS,
B22/B22,st values should not depend on pH as the effect of electrostatic interactions
becomes negligible. For some of the molecules compared here, sufficiently high TIS
experimental data were available to show that expected behavior. However, for some
of themolecules/pH conditions, the highest TIS values did show somewhat different

values of B2/B22,s1, and therefore the values were not necessarily the same within
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the available dataAs HEXA has fewer beads, a higher value-~* is needed to
achieve the same magnitude ofdB22 stat high TIS when compared to DODECA.

The full set of experimental BB22,stvalues as a function of pH and TIS are
shown in Appendix AAs noted above, th= value for a given model was set to
match the value oB22/B22 st at the highest TIS value for a given experimental data
set. The optima values were selected based on minimizing the ARD between the
simulated and experimentabdB22 stvalues as a function of TIS, for a given choice
of protein, pH, and CG model. Figure 2.4A shows an example of Case (i) behavior and
the comparison of the experimental data (symbols) with each optimized CG model
(curves). Figure 2.4B shows an example oflviARD depends of for each model
with the experimental conditions in Figure 2.4A, illustrating h wvalues were

optimized by selectinf to minimize ARD
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Figure 2.4: (A) Experimental BB22 stvalues (black symbols and curve as a guide to
the eye) and simulated2#B22 st values using values that minimized
ARD for different models for MAb 1 at pH 5: HEXA (blue curve),
DODECA (green curve),lbC/D (yellow curve)and 1bAA (purple
curve); (B)ARD vs.[ for the experimental data in panel A fdEXA
(blue curve), DODECA (green curve)bC/D (yellow curveland 1bAA
(purple curve) illustrating how thel value for a given model was
selected for a given experimental data set.

Figure 25 shows examples of Case (ii) (Figure 2.5A) and Case (iii) (Figure
2.5B and 2.5C), analogous to Figure 2.4A for Case (i). The other examples for each
choice of MAb and pH across all the CG models are provided in Appendix A (cf.
Figure A7). Figure 2.5A shoswvthat it is possible for all of the models to capture some
or all of the experimental behavior over most of the TIS conditions, although there are
inconsistencies at the lowest TIS values for the doileai@l models (HEXA,
DODECA). Figure 2.5B shows an &xple where all the CG models are able to
capture the experimental behavior if the model parameters are sufficiently adjusted.
Figure 2.5C shows a case where the lower resolution (ddmast) models cannot

even qualitatively capture the experimental habra
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Figure 2.5: Comparison of experimental2B2z2 st values (black symbols and line)
and simulated predictions wi[ values that minimized ARD for HEXA
(blue), DODECA (green)1lbC/D (yellow)and 1bAA (purple) models
for: (A) MAb B at pH 5; (B) MAb 2 at pH 6.5; (C) MAb C at pH 5.
Values in panel (C) are designated-&s2/2B22 st instead of B2/B2z,st
because some values are so large that they indicate -buditi
interactions at the experimahtprotein concentrations, rather than itwo
body interactions that are captured by. Bsee also, Method3he
corresponding ARD plots are shown in Appendix A(see Figure A7).
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Table 2.1 provides a summary for each CG model across akferimental
data sets (figures are provided for each data set and model in Appendix A). The entries
are color coded based on whether the model is able to capture the experiment behavior
reasonably. If one does not have experimental data to paramelerizgst models,
inspection of Table 2.1 for the cases where the model(s) capture the experimental data
suggests some starting ranges for the adjustable parameter= TVvedues for the
HEXA, DODECA and 1bAA models fall in a reasonably narrow range {wfiQ "Y:
1.2-1.5, 0.550.7, and 0.4.5, respectively. For the 1bC/D mod-' values range
more widely, in part because the domain bead diameter (and therefore the range of the
shortranged attractions) is adjusted on a dagease basis in th&ébC/D model to
capture the steronly Bz value for a given alhtom protein structure/homology
model.

[ values for Case (i) with the available experimental data wer8.8,2.3
0.7, 0.61, and 0.60.75 for the HEXA, DODECA, 1bC/D, and 1bAA models,
respectively. It can be seen that it is possible for each of the models to quantitatively
or semiquantitatively capture the experimental data for proteins and solution
conditions that fall in the category of Case (i). This is not surprising, given that the
electrostatic contributions to the net protpnotein selfinteractions are
predominantly repul sive, and therefore il
cause significant attractive charglearge interactions between oppositely charged
amino acidd¢o be missed in the domalevel CG potentials, compared to the higher

resolution models.
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Table 2.1:  Optimized values =* (units of Q"Y andr (dimensionless) for each

MADb, pH and CG model and the resulting percent ARD vatues.
HEXA DODECA 1bC/D 1bAA

b4/ + [ARD[tyq[ + [ARD [tyy| v |ARD [fy4]| + [ARD

MADb (pH)

Case (i)
MAb 1 (5) | 1.40 . | 1.07]  0.50]

MAD 1.(6.5)| 1.40 . 1.1 | 080| 517 | 046|095 200 |
2

MAb 2 (5) | 1.30 . | 0.75|
MAb A (5) | 1.24 . | 2.46 |
MAb A (8) | 1.32 | 2.54]

Case (ii)
MAb B (5) | 1.50
MAb B (8) | 1.10
Case (iii)
MADb 2 (6.5) | 1.30 | 0.63] | 0.82] | 0.44]

MAD C (5) | 15| 0.00| 72 | 080/ 0.00| 72 | 1.90|148| 20 |052|135| 21 |

MAb C (8) | 1.35 | 0.73] - -

UARD values are calculated using the lis*~~ andr values for all TIS values for a

given experimental data set. Cells shaded green, gray, and yellow correspond to good,
fair, and poor qualitative agreement with the experimental data set, respectively.

As mentioned in Section 2.2.2 the models were résttito data above 10 mM
TI S, t he HAupt uraBeestatiow TIS or MAIR B at pH Sowlas nBt
considered when comparing the models. That notwithstanding, there are cases where
the different CG models were or were not able to capture the experimental profiles
that were in the Case (ii) category. The lowesoldion, domainlevel CG models
tended to be less effective at the lowest TIS values. They overpredict increases in
repulsive interactions at the lowest TIS conditions, as illustrated in Figure 2.5A with
the upturns in B values versus TIS that the modelggticted at higher ionic strength
than experiments showed. This is perhaps
positive and negative charges into single domains with net charges, and therefore the
strength of chargeharge repulsions between the dorsawould be overestimated at

low TIS values. This is due, in part, because of the longer charge screening lengths
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since the interaction leng#tales scale with the bead diameter. It is also because the
chargecharge repulsions scale as the square of ¢meath charge for those models
instead of the sum over the squared ana@oml/amineacid charge pairs between
antibody molecules.

[ values for Cases (ii) and (iii) with the available experimental data wérg 1
for the 1bAA modelFor the examples of Cagiii) behavior, it is sometimes possible
for the lowerresolution CG models to provide a reasonable fit to BB stvs. TIS
profiles, but it requires one to allow the model parameter(s) to reach extreme values
(e.g.,/] ~3.5for MAb 2 at pH 6.5, DDECA). In another case (e.g., MAb C at pH 5,
Figure 5C), there were no combinations of model parameters for the diewalin
models that could even qualitatively reproduce the experimental results. Based on the
results and analysis from higher resolutioad®ls such as 1bAA and 1bC/D for that
casé!?, it is not surprising that domalevel models will not capture the strongly
attractive interactions because those are due to a relatively small number of oppositely
charged amino acids that interact stronggtween neighboring proteins. In addition,
the domains in which those amino acids are located do not carry opposite charges to
each other. As s yanain intérdctionspwal dgive gdatitatieely n
different behavior than interactions with extlicharges on the surface. This is a
common issue of CG models where amino acids are grouped or lumped, whether by
domains, sullomains, or other rationales for grouping amino atids®?4>
47,83,150,168,169

[ values for the 1bC/D model are more nuanced, as they depend on the value
of the putative hydration laydry ). The relationship betweew and the profile of

ARD as a function of for each MAb and pH is illustrated in Appendix A (see Figure
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A8). For Case (i) behavior, there were broad ranges dthat reproduced the
experimental trends accuratelihe putative hydration layefw ) did not play a
significant role in the optimalalue off , and the results in Table 1 for Case (i) are not
sensitive tow . This is reasonable, since Case (i) corresponds to net colloidally
repulsive interactions with primarily repulsions between charged sites, and close
contacts between charged gosware less likely.

However, for Case (ii) and (iii) behaviors (i.e., those that are strongly
influenced by attractive electrostatic interactions), there warsow minima for the
optimal values of (denoted ) and there was a direct correlatioetweeny and
r . The corresponding minimum ARD values and agreement between model and
experimental results were similarly good for any of dhevalues, indicating that the
model is still able to capture the experimental d&tee[ value decreased with
decreasingy , as expected since the charged sites can approach more clogely as
decreases. The results in Appendix A use the values of the domain diamgter (
optimized usingy =3 A andl =0, and thosg values will chage for differenty
values since the charged sites also contribute to thB2petvalues. Fully optimizing
w andl would therefore require a convoluted myddrameter search ab ,[ , and
of , , and could also be expanded tepggrameterizing the values of;; from Cornell
et al. That was outside the scope of this work and will be included in a future report.
That notwithstanding, these examples illustrate the balance of effects that rmed to

considered in designing CG models such as those portrayed in Figure 2.1.
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2.2.5.2 Higher Order Virial Coefficients and Higher Protein Concentrations
This section illustrates extendingthe use of CG modelsto higher protein
concentrationgsdiscussedn Chapterl Sectionl.3. This becomes major challenge
for higherresolutionmodelswhich is currently not tenablewith all-atom modelsfor
mostproteinsof interest*2%849 This will focuson higherordervirial coefficientsthat
capture multi-protein interactions. As a starting point, steric interactions are
fundamentafor any CG model,asthey determinethe excludedvolumeof the protein
andimpactpackingin concentratedystems®83°7 Virial coefficientsfor justthesteric
proteinproteininteractiong/Aist) up to thefifth virial coefficient(i=2,3,4,5)for MAb
B areshownin Figure2.6 asan examplefor eachCG model,normalizedby thevalue
calculatedusingthe all-atom model (seeMethods).It wasnotedin Section2.2.2 that
the structuresfor HEXA and DODECA are independentof MAb identity, so the
results are generalbeyond MAb B. However, the bead sizes for the HEXA and
DODECA modelswerenot determinedoy the structurefor MAb B, andthereforeit is
notunexpectedhatthe B22,stis notthe sameasfor theall-atommodelof MAb B.83165
The domain bead diametersin the 1bC/D model are MAb-specific and chosento
match B2z2,s1, sotheresultsmatchthosefor all-atom.
Generally,asoneconsidershigherordervirial coefficients,the modelsdeviate
from all-atom behaviorto a greaterextent. The 1bC/D and DODECA modelshave
similar profiles in Figure 2.6 asthe modelsdeal with steric interactionsin a similar
way, althoughthe chargedsitesin the 1bC/D modelalsocontributeto a smallerextent
to the net steric repulsions.The 1bAA modelis the most accuratefrom amongthe
currentset of CG modelsfor reproducingthe all-atom steric interactions(within ~

10% for all coefficients).The resultsillustrate the importanceof consideringsteric
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interactionswhen choosinga CG model and illustrate a procedurefor determining

how well a given CG model reproducesthe steric interactionsof an all-atom

representatioasoneincreasingproteinconcentration.

Ai,STfAi,ST[:lll-:lmmj

i i i

2 3 4 5

Virial coefficient

Figure 2.6: lllustrative steronly virial coefficient values (&, i = 2 to 5) for MAb
B, normalized by the value ofiér for the allatom model (for a given
virial coefficient,i=2,3,4,5), for HEXA (blue), DODECA (green), 1bC/D
(yellow), and 1bAA (purple). Steronly virial coefficientsi = 2 to 5 for
the DODECA modelwerereportedin prior work.20 The valuesof Ai st
for i = 2to 5 for the all-atommodelwere(9.46+ 0.07)x 102 L/g, (5.45+
0.08)x 10° (L/g)? (2.06+ 0.02)x 107 (L/g)3, and(6.29+ 0.02) x 10°
(L/g)*, respectively Error was calculatedasthe 95% confidenceinterval
from threeindependensimulations.The termsB22 st and Az,st are used

interchangeably.
Considering beyond stermnly interactions, higher order virial coefficients
were calculated using thdEXA and DODECA models to predict seffteractions

from low to high concentration at low and intermediate ionic strength values for MADb
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1 and 2 at pH 5 and 6.5 and shown to be tractable in prior &dhe 1bAA model is
overly computationally burdensome once one includes more than sjestc
interactions® The 1bC/D model is tractable for multody simulations, and
potentially provides the opportunity to study the effect of charge anisotropy at
increased concentrations. As an illustration, Figure 2.7 shows up to the fifth virial
codficient for MAb B at pH 5 using the 1bC/D model as a function of TIS, with the
virial coefficient values normalized by their respective sterily value (i.e., from
Figure 6).The black horizontal line at ani/Aist value of 1 represents when a given
virial coefficient transitions from net repulsive interactions (greater than 1) to net
attractive interactions (less than 1) with respect to sterg interactionsBased on
Figure 2.7, the second virial coefficient (black symbols and curve) is alwaysveega
suggesting that in the regime of tlody interactions, MAb B experiences net
attractive selinteractions. The attractions are strong at low TIS and decrease with
increasing ionic strength (Case iii in the nomenclature above). By adding a third MAb
B molecule, the interactions in low TIS change from strong attractions to strong
repulsions (blue symbols and curve). The strength of interactions becomes weaker as
the salt concentration increases toward the region wherersinged norelectrostatic
interactions overcome electrostatic interactions. Adding a fourth molecule (green
symbols and curve) changes the net interactions again from net repulsive to strongly
attractive interactions in low TIS. The results for the fifth virial coefficient (yellow
symbols and curve) are only shown for high TIS (125 mM and higher) because the
magnitude of attractive interactions was so large that the simulations for the fifth virial
coefficient did not converge for lower TIS values. Future work will focus on applying

this approach to more accurately predicting profiotein selinteractions at high
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concentrations when there are strongly attractive electrostatic contributions that were

not predicted correctly with lower resolution models in prior work.

10 R —

i
=
L

=20 | 4

10 100

TIS (mM)

Figure 2.7:Virial coefficients with respect to steranly behavior (AAi s7) illustrated
for MAb B at pH 5 as a function of TIS using the 1bC/D model:
B22/B22,st (black triangles and line), #As st (blue circles and line),
A4lAssT (green squares anthe) and A/Asst (yellow diamonds and
line) coefficients. The black horizontal line represents net interactions
equivalent to stertonly interactions for a given virial coefficientg, 3,
4,5).

2.2.5.3 Comparison of Computational Burden

Computational burden is important to consider when selecting a CG model.
While higher resolution models might provide more accurate results, they require
more computational resources and can limit the practical application of a given model.
The CG models were compared based on their relative computational burdens. Table

2.2 shows the relative CPU time for’ISOS steps for each CG model, relative to
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that for the HEXA model, as a function of the virial coefficient being calculated. The
CPU timesscale roughly with the square of the number of beads in the simulation, as
expected. The footnote to Table 2.2 also indicates the typical order of magnitude for
the CPU time for the HEXA model for each virial coefficient to allow the results for
any of the models to be translated to real time, assuming a comparable processor. As
discussed in Section 2.2.2, the 1bC/D and 1bAA models do not have a fixed number
of beads across all monoclonal antibodies, as the number of charged or titratable
amino acids in t 1bC/D model will depend on the antibody sequence, and the
number of total amino acids in the 1bAA model can also differ between different
antibodies. For the example antibodies used in this Chapter, the 1bC/D model showed
computational burdens that webetween 25 and 50 times lower than the 1bAA
model, while still providing a similar or improved resolution for the location of
surface charges. CPU cost per configuration is not the only factor in the net
computational burden, as different CG models maywirega different number of
configurations to converge for a given proc
experience, solution conditions that result in strongly attractive net interactions (large
and negative virial coefficient) require sifoantly larger numbers of configurations

to converge the simulations; this is as expected based on the choice of reference state

as sterieonly interactiong*120.156
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Table 2.2: Ordeof-magnitude relative CPU time for calculating vir@efficients
for each CG model, normalized by the CPU time using the HEXA

modeP
Virial Normalized CPU time
coefficient DODECA 1bC/D 1bAA
2nd 30 10° 5x 10
3 20 7x 16 2x 10
4th 10 7 x 1C 4x10
5th 30 9x 1C 5x 10

bThe CPUtime for the HEXA model was 29, 48, 96, and 132 seconds for the second,
third, fourth, and fifth virial coefficients, respectively, for ’IRISOS steps in this
particular example.

2.2.5.4 Considerations in Selecting Among Different CG Models

Ideally, one would belde to knowa priori what level of CG model is needed

to predict or capture the MAb satfteractions qualitatively or quantitatively, but

results in the literatuf€3°684 and illustrated in this Chapter indicate that some

experimental data is required so that regression or refinement of model parameters are

needed on a cadm-case basis, both in terms of the protein in question and the

solution conditions (e.g., pH andnic strength, as well as the salt t§p&+1/%171 and

co-solute concentrations such as suct&§eIn principle, one should use the lowest

resolution CG model needed to capture the relevant physics and contributions to the

proteinprotein selinteractions, so as to minimize the computational burden. It is

clear that a major issue with low resolution models (e.g., deordinmodels such as

HEXA and DODECA in the present report) is that they do not accurately account for

the location of individul

groupg>19,
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charges.
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model, which was introduced in Section 2.1, offers one approach that balances the
advantages of domaievel models (e.g., HEXA and DODECA) with explicit amino
acid models (e.g., 1bAA) to explityi account for the impact of the surface charge
distribution while lumping the steric repulsions and +etectrostatic shomanged
attractions. This does not account for geometrically highly specific hydrophobic or
van der Waal s il dondlintesaatidnd'k@y 6 confi gur at
I n addition, while a | ower resolution
parameters to force the model to recapitulate the experimental values:fea. IBw
protein concentrations, the model may be (greatiggcurate at higher concentrations
where multiprotein interactions become important (See Section 22W)is is
particularly a concern for conditions with strongly net attractive electrostatic
interactions. One may still be able to fit or refine mMqmeameters for such simplified
models against the high concentration data diré¢fly’#17¢ but at that point the
models are only recapitulating the known data rather than predicting the experimental

behavior without already having the experiméngaults for comparisofh.

2.2.6 Summary and Conclusions

In this Chapter, a series of CG models for proteins that spanned from domain
level descriptions to aminacidlevel descriptions were compared based on their
ability to quantitatively and qualitativelgapture experimental proteprotein sel
interactions at low protein concentrations as a function of solution ionic strength for
five published monoclonal antibodies across multipletpiffer systems, including the
ability to capture qualitatively differg experimental profiles, relative computational

burden, and extension to high protemncentration conditions. Comparisons were
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made with the emphasis on the ability of each model to accurately represent steric
repulsions, electrostatic repulsions, artttaations, and to a lesser extent on -non

el ectrostatic attractions f-loirke@tsysethams ot
opposite extreme where particular oppositely charged amino acids lead to strong
attractions. The focus was on the impactifferent levels of coarsgraining for the
distribution of charged amino acids on the protein surface, rather than the distribution

of hydrophobic amino acids. Domdevel models predicted net repulsive and mildly
attractive net protehprotein selinteractions with reasonable accuracy and much

lower computational burden compared to higher resolution models but were inherently
limited in the context of proteigolution conditions when attractive electrostatic
interactions between oppositely charged ananm residues dominated. In the latter
case, explicit sites are needed for each
protein surface. This is expected to be general across CG models beyond those
considered here, and examples here illustrate thauwiill be exacerbated at higher

protein concentrations. A hybrid model was introduced that helps to balance each of
these considerations for future applications to predict the behavior of challenging

MADb systems at high concentrations.
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Chapter 3

ELECTROSTATICALLY DRIVEN PROTEIN -PROTEIN INTERACTIONS:
QUANTITATIVE PREDICTION OF SECOND OSMOTIC VIRIAL
COEFFICIENTS TO AID ANTIBODY DESIGN 1

3.1 Introduction

Attractive selfinteractions for therapeutic proteins such as monoclonal
antibodies (MAbs) are linked to elevated risk factors in product development such as
aggregation, poor solubility, and high viscosity, and potential therapeutic side effects
for patientd>177103 |n Chapter 1, Section 1.4 highlighted that profaiotein
interactions can be influenced by formulation conditions like temperature, pH, and
ionic strength’®. Moreover, the primary sequence and surface display of charged sites
of a protein was also introduced as a major factor that drives ppotiein
interactions. This can be implemented via rational mutagenesis experimentally. There
are multiple attribute for therapeutic proteins that may be of interest to design
computationally, including biological function, bioavailability and biodistribution,
antigenantibody affinity, protein solubility, protein aggregation in vitro and in vivo,

solution viscosity /syringability, and ease of manufactudfd!®. No single

1 This chapter is based on a publication by Hassan ShapfarDu, Arun Parupudi,

Lu Shan, Reza EsfandiagndChristopher J Rober(d. Phys. Cheniet.2022, 13, 5,

1366 1372. Hassan Shahfar performatmulations andexperimentsdata analysis

and writeup. Qun Du made the variant®un Du, Arun Parupudi, Lu ShaandReza
Esfandiary offered advisethroughout the project and revised the manuscript
Christopher J Roberts was the corresponding coauthor and offered advise throughout
the project and revised the manuséfipt
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theoretical or computational approach addresses all these attributes, but strongly
attractive proteirprotein seHinteractions have been shown in several cases to
experimentally be indicative gbroblems with product stability (e.g., aggregation),
poor solubility, high viscosity, and ultimately challenges for manufacturing of the drug
product®4182

Computational approaches to predict the impact of amino acid mutations on
proteinprotein interactions may be effective using only a single molecule (i.e., not
simulating molecules interacting with each other) if the key proteinirgelfactions
are basedith-bnkeid i ket eractions (i.e., hydr
interactims between chemically similar amino acid$} %. However, for protein self
interactions based on attractive electrostatic interactions, it requires one to consider at
least two distinct molecules since control of attractive and repulsive interadions
based on oppositely charged and ddtearged sites (amino acids), respectively, on the
neighboring protein surfage It would be more physical to study factors that influence
proteinprotein interactions within the concept of interaction which depeod
interacting several molecules.

In Chapter 2, the 1bAA model was compared to less structurally detailed CG
models and it was also shown that a hybrid between a 4b¥&\ and a domatonly-
| evel description (denot euatedhese BxpenirGeht?lo) ¢ a |
results, but at a fraction of the computational cost for 1bAA. As discussed in Chapter
2, the 1bC/ D mo dobdrgediadmunongridsointot the ecorresponding
domains of a MAD (i.e., VL, VH, CL, CH1, CHZH3), but explicitlyaccounts for the
location of charge sites for charged amino acids, rather than approximating that the

charge resides in the center of the amino acid (e.g., such as in the 1bAA model).
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In this chapter, predictions frompBcalculations usinghe 1bC/D model were
used to propose a range of possible point mutations to reduce strong electrostatic
attractions for MAb C (introduced in Chapter 2) at pH 5 at low and intermediate ionic
strength (19 mM and 59 mM, respectively). The candidate point iongawere either
chargeto-neutral (e.g., +1 o1l changed to zero) or chargeap mutations (e.g., +1 to
-1 orviceversa) inthewitl y pe ( WT) MAb at pH 5. Il n thi
the same protein as MAb C in Chapter 2, to distinguish WT froms#tpience
variants of MAb C described below. The charged amino acids in the WT were used as
the possible sites for chargeneutral and chargswap variants, and this resulted in
~1@ possible point mutations for this study. A subset (~10) of the preddidigb
charge variants were selected for experimental cloning, expression, and purification
followed by characterization with light scattering (LS), chromatography, circular
dichroism, and calorimetry techniques. The results show quantitative or semi
guanttative agreement between the experimentatlis&factions and those predicted
from simulations and show that the mutations did not significantly disrupt the
structural integrity of the MAb variants compared to the WT. The simulations also
pr ovi de(i.efi pearpise dnteraction patterns between two proteins) for which
charged residue pairs between neighboring MAbs are the most influential in affecting
the net protein selhteractions. These calculations are relatively rapid and provide a
basisforrapd predictions of ndAwel |l behavedo vs.

an important addition to existing approachié¥’ 186,
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3.2 Methods

3.2.1 Experimental Method

3.2.1.1 Sample Preparation

Buffers were prepared at pH 5 using 9 mM sodium phosphate (Fisher
Scientific, Fair Lawn, NJ) plus 10 or 50 mM NacCl (Fisher Scientific, Fair Lawn, NJ),
dissolved in distilled, deionized water (MH{, 18.2 Mn.cm, Millipore, Billerica,
MA). Buffer was then filtered using a 0.22n low proteinbinding filter (Chemglass,
Vineland, NJ). Purified MADb solutions were provided by AstraZeneca (Gaithersburg,
MD). Buffer and MAb stock solutions were kept as 4prior to use. About 3 mL of a
given stock MAD solution (starting at different concentrations for different MAbs) was
buffer exchanged three times, each time against 600 mL of buffer over a period of 12
hours at 43 . The dialyzed MADb solutions were then concentrated up to ~13 mg/mL
using 50 kDa MWCO AmicotJltra centrifugal tubes (MilliporeSigma, Burlington,
MA). Solution conentrations were measured by DeNovix-D5 (Wilmington, DE) at
280 nm wavelength and with an extinction coefficient of 1.56 mt! eig!. A series
of protein concentrations were made by gravimetric dilution ranging from ~0.1
mg/mL for CD experiment to ~1 mgL for DSC and a series of concentrations from

0.5 mg/mL up to ~ 10 mg/mL for static and dynamic light scattering experiments.

3.2.1.2 Static and Dynamic Light Scattering (SLS and DLS)

Static light scattering was performed using Dynapro NanéSiatt
Technology (Santa Barbara, CA) at 662.2 nm wavelength and at 5 a series of
concentrations. For each buffer and MAb sample, three measurements were conducted

to calculate thexcessRayleigh ratio at angle 90 degre&eé Chapter 1, Section 1.7)
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using the average scattered intensiigch measurement was conducted for a total of

150 seconds at 5 secoadquisitiontime. Figures 3.3c and 3.3d shew as a function

of concentration (¢ for WT and variants at TIS 59 mM and 19 mBEquation 3.1

links the excess ratio profile to Kirkwood buff integrabG

— 0fp @ 0DO® (3.1)

0 ; is protein apparent molecular weight, is protein true molecular weighf is

protein concentration. K is optical constant and equals—te-— where n is the

refractive index,0 Avogadro number,_ laserwavelength and— is change in the

refractive index of concentration from low to maximum measw@atentration in

SLS experiments—— was then regressed using a nonlinear fit function to calcutate G

using each variant and WT in Figures 3.3c and 3.3d. Table 3.1 includes experimental
Gzzat TIS 19 mM and 59 mM using nonlinear regression.
Dynamic light scattering was conducted simultaneously with the same

instrument and samples to calculate the autocorrelation function.
Qo | 1 Q p —oO (3.2)

where t is time| is average baselinatensity,l is the amplitude ofQ o, qis the

magnitude ofscattering wave vector and equals—te O E4 where—is scattered

angle, I is the translational collective diffusion coefficient ahd is the second
cumulant.In the dilute protein concentration range, the diffusion interaction parameter

ko is linked to the protein translation collective coefficient ifk equation 3.3).

0O O0p Qo (3.3)
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where D is the tracer diffusion coefficient amol is protein concentration. Figure 3.4a
and 3.4b show Pas a function of concentration for WT and each variant at TIS 59
mM and 19 mM. A linear regression okt Bs concentrationcwas used to calculate
kp. Table 3.1 includestkvalues that were obtained from linear regression of Eq. 3.3

against the bvs. @ DLS data for each variant and WT in Figure 3.4a and 3.4b.

3.2.1.3 Circular Dichroism

CD spectra were lained using Jasco 1500 instrument (Easton, Maryland,
USA) at 253 . The following setting was made prior to loading of the buffer and
MADb solutions: data pitch of 1 nm (one data point every nm), scanning speed of 50
nm/min, D.I.T (response time) of gec, accumulation of 3 scans, and a CD scale of
200 mdeg at 23 . To measure the baseline, buffer was loaded into a 1mm CD
cuvette, and CD spectra was measured from 250 to 200 nm. MAb CD spectra was
collected at ~0.1 mg/mL. The reported data were stibtracted and the molar

ellipticity — was calculated via Equation 3.4.

- — (3.4)

whered is the molecular weight of each MAb in g/mol, C is protein concentration in
mg/mL, d is the path length of the cuvette in émis the number of amino acids for a
given MAb, and— is the measured ellipticity at wavelengtin units of mdeg. Figure

3.5 shows CD spectra for WT at 19 and 59 mM TIS for all variants at TIS 19 mM.
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3.2.1.4 Differential Scanning Calorimetry

A VP-DSC instrument (Microcal, Northampton, MA) was used to perform
Differential Scanning Calorimetry (DSC) experiments at ~d/mi. of WT and each
variant and over the temperature range 6b@@ . The scan rate was set at Imin.
Multiple buffer-buffer scans were conducted to establish the thermal history and
calculate the buffeonly effect. Partial specific heat capacity valweere calculated as
reported previoush’. The low T (temperature) baseline was subtracted from the
absoluted (T) profiles to calculat® for easy comparison across runs of WT vs
each variant. Figure B2 shows the normalized excess heat capacity as a
function temperature for WT at TIS 59 mM and 19 mM. Figure B3 shiows vs T
for each variant and WT at TIS 19 mWhe apparent transition temperature (the peak

maxima in each curve) compared to those of WT protein are reported in Table 3.1.

3.2.2  Modeling, Algorithm, and Interaction Potentials

The 1bC/D model which was introduced in Chapter 2 was used to ptieelict
second osmotic virial coefficient( ) for WT and several variants at pH 5 and total
ionic strength (TIS) 19 and 59 mM. The MSOS algorithm (cf., Chapter 1, Section 1.6
and Chapter 2, Section 2.21) was employed to calculatealues using MC CG
molecular simulation for a given ionic strength at pH 5 an858tC. MSOS returns
the value of Bz with respect to a reference state. Stenty interactions (B,s1) was
used as the reference state for the simulatidhge. same simulation protocols and
interaction potential functions used in Chapter 2, Section 2.2. and 2.24 were used here,
with small adjustments noted below to tailor to the present whhlk. interaction

potentials include two adjustable parameterand- which were determined by
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comparison to SLS results using only WT protein and were then used for all the
variants. Data for B data at high ionic strength set the magnitude of the maximum
shortranged norelectrostatic attractions - (1@ UQ"Y. The dimensionless
normalized 6 and "O were defined by6° 6 j6 ; and O

0 jc6 [ .The ratio of actual to theoretical charge or valencewas tuned to
1.24 and 1.31 to match with experimental valuesCbf o® T1@at TIS=19
mM andO @80 0.7 at TIS=59 mM, respectively.

3.2.3 Selection of Amino Acids for Mutation via Simulation

The impact of chargewap and chargm-neutral mutations were investigated
at low (19 mM) and medium (59 mM) ionic strengths for each variant. MAb C
contans 256 charged residues. There is a symmetry of charge distribution between
heavy and light chinsfor each variant (i.e., the same amino acid change occurred in
the two light chains or the two heavy chains). The number of possible charged sites in
MAb was reduced to 128 imposing a double mutation, one for a given target residue
and one for its mirroresidue on the other heavy or light chain of the MADb. In a
typical chargeswap mutation, the sign of charged beads representing the target
charged residues were flipped. For chaigeeutral mutations, the originally charged
bead was set to zero chargechk possible chargevap and chargm-neutral cases
were simulated for predictions of tiké 8

A broad range of* valueswere observed as a result of mutations for both
ionic strengths. Figure 3.1 (right panel) and 3.2 illustrate the impact of ebaape
mutations at TIS 59 mM and chargerap and charg®-neutral mutations for TIS 19

mM. The Charge Residue Index is based on the location of charged residues in the
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PDB file. For example, 50 represents thé sBarged residue in the PDB file rather
than the 58 amino acid in the linear sequence overall.
AstraZeneca (Gaithersburg, MD) provided the highly purified variants. This

chapter used these variants for SLS, DLS, DSC, and CD experiments.

3.2.4 Mayer Averaged Pairwise Electrostatic Interaction Enery Maps
Mayeraveraged pairwise electrostatic interaction energies between each
chargecharge residue were calculated with the same methodology in prioP*work
Briefly, to calculate the average values between all possif@iegecharge interaction
pairs, pairwise energies were weighted based on the Mayer function in each
configuration and were normalized by the sum over all Mayer function values during a
given simulatiof!. Figure B1 shows heatmaps of Mayserage valueof the
electrostatic chargeharge interactions for WT and each variant at TIS 19 mM and 59

mM.

3.2.5 Results and Discussion

Prior SLS profiles of WT protein showed strong electrostatic attractions that
greatly limit its solubility. The simulation and 1bC/D model predict the values of the
second osmotic virial coefficient ¢B with respect to a reference statenihich only
steric interactions are present between a given pair of proteins. As in Chapter 2,
dimensionless value od is defined here a®* 06 jO [ , which is the
guantity calculated from the simulatiofihe reference stat®42 s7) for the WT MAb

and variants wasalculated with previously published methods for a given choice of
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protein structuré Given the small changes in sequence for the varizare, the value
of B2z,stwas effectively the same for WT and each variant.

Figure 3.1 illustrates the impact of chattgeneutral point mutations on protein
self-interactions for an intermediate value of the total ionic strength (TIS) aiNd9
The analogous results of charg@ap mutations for intermediate ionic strength, as
well as chargswap and charg®-neutral mutations for lower ionic strength, are
shown in Figure 3.2. The WT Charged Residue Index is based on the linear order of
chaged residues in the primary sequence, as done in prior work (i.e;18.CL:16
35, VH:3661, Gi1:62-79, Gi2: 80108 and @3:109131. Figures 3.1 and 3.2
highlight that many of the selected amino acids from the WT do not result in predicted
improvements in self interactions (i.e., relatively small change$ in or more
negative ned ). The location of residues that are predidtedesult in mild changes
(orange in Fig. 3.1, left) or detrimental changes (light and dark blue in Fig 3.1, left) are
dispersed on different domains of the WT protein. Similarly, there were multiple
candidate mutations, predicted across different dom#ias,can greatly improve the
net selfinteractions (red and green in Fig 3.1, left). This holds at both the low and

intermediate ionic strength values.
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Figure 3.1: (right): The predicteti” (1bC/D) for all individual chargéo-neutral
mutations in the WT at 59 mM TIS he horizontal blue line represents
the value of"* for WT protein. (left): The value of predicted
"* (1bC/D) is shown for each charged residue in the WT based on the
color range bar (bottom left), corresponding to the bar graph in the right
panel. Gray atoms represent neutral amino acids and are not shown on
the color barLabeled residues shown in thdtlgraph (K9, K16, D47,

R40, and H130) are illustrative representatives of different locations

corresponding to the right graph. The index numbers above (K9, K16,

D47, R40, H130) use the numbering for the Charge Residue Index on the
right panel above.
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a) |Charge-swap mutations @ TIS=59 mM | b)  Charge-swap mutations @ TIS=19 mM
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Figure 3.2: " (1bC/D) for chargeswap mutations at TIS 59 mh)(and 19 mM If)
and chargeo-neutral mutations at TIS 19 mM)( The horizontal blue
line represents the® of WT protein at given ionic strength.

Twelve pointmutations(six chargeswap and six charg®-neutralmutation$
that were predicted to have the greatest improvement' forwere selected for

expression, purification, and characterization with SLS, DLS, CD, and DSC while
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trying to minimize potential impacts on binding affinits noted in Section 3.2.3,

AstraZeneca (Gaithersburg, MD) provided the highly purified variaftsese

mutations were D42K, D42N, D46K, D46N, D47K, D47Q, E48K, E48Q, D52K,

D52Q, D53K, and D53NTabl e 3.1 summari zes the 12 va

with the shorthand nomenclature AMAb1l0 to
To assess the accuracy 'bf computationalpredictions and qualitative and

guantitative behavior of selected variants, static and dynamic light scattering

measurements were performed at low and intermediate ionic strength (19 and 59 mM)

values in relatively dilute protein concentrations (up to mt@mL) for each of the 12

variants and WT (See Section 3.2.1.2).

SLS and DLS measure protganotein selfinteractions (PPI) in terms of
regressed € values and protein diffusion interaction parametey) (kalues were
determined experimenha for all cases via regression of SLS and DLS measurements
versus MADb concentration (See Equations 3.1 and 3s3)is ka commonly used
surrogate for B*®° and was determined from DLS experiments as introduced in
Chapter 1, Section 1.Figures 3 show SLS and DLS profile of WT and variantsaas
function of concentration £ for WT and variants at TIS 59 mM and 19 miVable
3.1 summarizes £ and lo values for WT and variants at low and intermediate ionic
strength conditions. The values were calculated using nonlinear regression for the
excess Rayleigh ratio vs. protein concentration, and the cooperative translational
diffusion coefficient value (B) vs. protein concentration for WT and each variant

(Equations 3.1 and 3.3).
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Table 3.1: Experimentabkand Gz values (Columns 3 to 6) for WT and variants for
TIS 19 mM and 59 mM. Uncertainties are 95% confidence intervals from
fits to equation S1 (SLS) and S3 (DLS). In the limit of dilute protein
concentrations where mulbody proteinprotein interactions can be
neglected (@° -2B22)!. Column 1 gives the identification shorthand
il abel o for WT and each wvariant
with that variant identified in Column 2.

Protein | Identity | Gzz2(mL/g) | ko (mL/g) | Gz2(mL/g) | ko (mL/g)
Al ab of TIS=19mM | TIS=19 TIS=59 TIS=59
mutation mM mM mM
WT N/A 700+15 -140+7 160+16 -38+1
MADb 1 D42K 17+1 3.9+0.3 5+1 -10+1
MAD 2 D42N 1.4+0.9 -9+1 17+1 -14+1
MADb 3 D46N 4+1 -7+1 30+1 -21+1
MAD 4 D46K 18+1 6+1 1+2 -10+1
MADb 5 D47Q =712 -11+1 59+2 -16+1
MAD 6 D47K 16+1 7.6+0.3 2412 -10+1
MADb 7 E48Q 10844 -46+1 59+1 -29+1
MAD 8 E48K 9+1 -1.9+0.5 33+1 -18+1
MADb 9 D52Q 15044 -43+2 30+1 -28+1
MADb 10 D52K 13+3 0.7+0.3 33+1 -20+1
MADb 11 D53N -6+2 -8.7+0.3 30+1 -19+1
MADb 12 D53K 442 -4.4+0.3 28+1 -18+1

Figure 3.4 compares DLS and SLS scattering data between WT and all variants

at TIS 19 mM and 59 mM. Figure 3.4a shows illustrative SLS data in the form of

excess Rayleigh ratio profiles versus protein concentratignfdc the WT and the

mostrepulsive and attractive variants at low and intermediate ionic strength values.
Figure 3.4b shows the experimentaldnd Gz values for WT and each variant at TIS

19 mM (red triangles) and TIS 59 mM (blue spheres). Both SLS and DLS results

demonstrate significant improvement in the net -sgractions of all variants

compared to the WT. Particularly, in the most extreme casesorders of magnitude

improvements in €& and lo were observed.
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Figure 3.4:8.49: lllustrative profiles for ecess Rayleigh ratio vs protein
concentration at TIS 19 mM for WT (filled black spheres), MADb 9 (filled
navy pentagons), MAb 5 (filleted triangles) and for TIS 59 mM for WT
(open black spheres), MAb 5 (open navy pentagons) and MAb 4 (open
red triangles) 3.4b): Comparison of experimental values tar vs G2
for WT and variants for TIS 19 mM (red triangle) and TIS 59 mM (blue
spheres)Inset: kp vs G2 without break in x axis.3.49 Prediction of
"* (1bC/D) vs' © (from SLS) for WT and variants at TIS 59 mM (navy
spheres) and at TIS 19 mM (red triangle). The model parameters for
predictions are based on only WT behavior at the corresponding TIS
conditions.The daskdot line represents y=x line as a guide to the eye.
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Figure 3.4c shows a parity plot of the predicted values ‘of versus the
experimental values 6f° for WT and each variant at both ionic strength valUés
intermediate ionic strength results (TIS = 59 mM) show quantitative agreement
between the simulations and the experimental values. For the lower ionic strength, the
agreement is senguantitative since there are variants where the simulations
significantly under or overestimate the net seifiteractions compared to the
experiments bustill maintain the same qualitative trend. A k&ason is thaat low
lonic strength the experimental results show very strong net attractive interactions
(“frx om O p xx min,7C, which means effectively mulpirotein
interactions influencethe net protein selhteractions, likely because the Debye
screening length is much longer at low TIS values (See Chapter 1, Sections 1.3 and
1.4). Therefore the-Body calculations for B may not be sufficieAtto capture multi
body interactions since the strength and range of the interactions indicate that even
seemingly low concentrations (~1D mg/mL) are not in the true thermodynamically
dilute regime (See Equation 1.5). The results show in most casehehatedicted
protein selinteractions are in at least sequantitative agreement with experiments,
with no experimental calibration of the forcefield parameters for the 1bC/D fodel
needed beyond the WT molecule. This has the potential to greatlypvienghe
avail able Atool boxo for predicting key
are related to proteiprotein seHinteractions (cf., Introduction).

There are additional considerations in biophysical assessments when one
introduces ratations, including impact on protein structural stability. To help evaluate
potential impacts, fauUV circular dichroism (CD) and differential scanning

calorimetry (DSC) measurements were performed at TIS 19 mM at similar protein
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concentrations for WT anthe variants. Compared to WT, the CD spectra did not

show significant changes for variants (Figure 3.5).
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Figure 3.5: Left; CD spectra for WT and variants at TIS 19 mM. Right, CD spectra
for WT at TIS 59 mM.

DSC profiles exhibited the same number of peaks for WT and all variants at
low TIS and in all cases, the shifts (if any) for DSC peaks were to higher midpoint
unfolding temperatures or were relatively small shifts to lower temperatures. Figure
3.6 shows an illustrative comparison between WT and some variants at low TIS.
Figure B2 shows the DSC profile of WT at TIS 19 and 59 mM. Figure B3 shows the
full experimental profile of all variants at TIS 19 mM. Table 3.2 also summarizes the

results in tems of the location of each DSC peak for variants compared to those of

WT.
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Figure 3.6: lllustrative Excess heat capacity at constant pressure profile for WT
(royal) and variants (red) for TIS 19 mM for MAb 1, 4, 6, and 12.
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Table 3.2: The difference in DSC peaks between WT and varia¥ts=( Tiwr-
Tivar) at TIS 19 mM. The WT peaks are located aB59.1, 66.3+0.1,
74.2+0.1 and 82.7+04 for T1, T2, Ts,and T4 respectively.

Protein Identity of | YT1(3) YT2(3 ) YT3(3 ) YT4(3 )
Al ab g mutation

MADb 1 D42K 0.2+0.1 0.5+0.1 0.3+0.1 1.2+0.1
MADb 2 D42N 0.3+0.1 0.5+0.1 0.7+£0.1 0.9+0.1
MADb 3 D46N 0.4140.1 0.240.1 0.5+0.1 1.1+0.1
MADb 4 D46K 0.3+0.1 0.1+0.1 0.8+0.1 1.1+0.1
MADb 5 D47Q -0.5+0.1 -0.1+0.1 0.0+0.1 1.1+0.1
MADb 6 D47K -1.0+0.1 0.240.1 1.3+0.1 0.9+0.1
MADb 7 E48Q -1.0+£0.1 0.3+0.1 1.6+0.1 1.0+0.1
MADb 8 E48K -0.9+0.1 0.4+0.1 1.0+0.1 1.0+0.1
MADb 9 D520Q 2.810.1 -0.1+0.1 -0.1+0.1 1.0+0.1
MADb 10 D52K 4.1+0.1 0.0+0.1 0.0+0.1 1.0+0.1
MADb 11 D53N -0.2+0.1 -0.1+0.1 0.3+0.1 1.440.1
MADb 12 D53K -0.8+0.1 0.2+0.1 0.8+0.1 1.3+0.1

Protein seklinteractions are a function of all pairwise interaction energies
between amino acids on neighboring proteins. Point mutations potentially can change
the pattern of pairwise interactions in protein $eféractions, and one way &ssess
this is via average pairwise interaction 7
average interactions between amino acid or charge @it@ne protein and the charge
sitej on the adjacent protéth To help assess the impact of pointtations on the
pattern of protein selihteractions for each mutation, the Mayeferage energy of
chargecharge residue pairs (intprotein charged sitasandj) was calculated for WT
and each variant at both TIS 19 mM and 59 mM. This was done to certipar
pattern of pairwise electrostatic interactions between neighboring proteins for, relative
to the WT pattern, for each variant at the experimental condition to assess if there
were common changes in the patterthes f or

variants.
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Figure 3.6 shows illustrative examples and Figure B1 in Appendix B, includes all
pairwise interaction fAmapso for WT and th
case of WT, in both low and medium ionic strengths, there are a smallenwhb
charged residues that contribute most strongly (large negative values) to the net
pairwise interactions.

Compared to WT, the behavior of the variants is not a simple recapitulation of
the Amapo for WT. T h e lrvase mteractions varynadhong he st
the different MAb variants. For example: (i) Figure 3.Wlustrates that the
contributions from a broad range of possible hpEatein charge pair interactions for
MAb 6 are relatively weakgureB.Tdshowsoa néd o mi n a
pattern of pairwise interaction for MAb 12 compared to WT (Fig. 3.7a); (iii) and in
some cases such as MAb 3 (Fig. 3.7b), the pattern is similar to WT but with net
weaker attractions. This observed diversity of pairwise interactiti@rpa among
variants highlights that there are several ways by which surface charge distributions in
proteinpr ot ein i nteraction Amapso can result

protein seHinteractions.
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Figure 3.7: Heat map oMayer averaged pairwise interaction f8af WT, (3b) MAb
3 (D46N), Bc) MADb 6 (D47K) and 8d) MAb 12 (D53K) at TIS 59 mM

3.2.6 Summary and Conclusion

In summary, in this Chapter, the 1bC/D model that was introduced in Chapter
2 was used to accurately preditteteffects of charge mutations on MAb self

interactions due to electrostatic attractions as measured by static or dynamic light
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scattering. In Chapter 2, MAb C showed strong electrostatic attractions from low to
medium ionic strength based on SLS datasT™Ab was used in this Chapter as the
baseline wildtype MAb and a test case for the rational design of point mutations.
Chargeswap and charg®m-neutral mutations were calculated systematically one at a
time for all individual charged residues at pH 3he WT heavy chain sequence, and
similarly for the WT light chain sequence. All mutations were confined to selvent
exposed surface residues and did not result in significant changes in protein structural
integrity as assessed by DSC and CD measuremewgsal this highlights aiseful
approach to the rational design of salieractions for therapeutic proteins that can be
combined with other complementary methods that monitor binding affinity, efficacy

and function, chemical stability, et€ 192 for optimal protein design.
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Chapter 4

PREDICTING EXPERIMENTAL B22VALUES AND THE EFFECT OF
HISTIDINE CHARGE STATES FOR MONOCLONAL ANTIBODIES USING
COARSE-GRAINED MOLECULAR SIMULATION

4.1 Introduction

In Chapter 1, Sectionl.lbiological macromolecules like monoclonal
antibodies were introduced as an important class of therapeutic entities including those
for difficult-to-treat diseasé®!%4 Proteinbased therapeutics currently conséttite
largest portion of biologi¢831%, and monoclonal antibodies (MAbs) represent the
largest category of biotherapeutics in development and on the market due to high
target specificity that is key for oncology targatsl autoimmune diseases. In Gtea
1, Section 1.4 it was noted that formulation conditions can impact protemn self
interactions and consequently physical stability issues like aggregation, phase
separation, opalescence, and high viscosity, particularly at high
concentration$:17177196'199 - Those interactions can be mepulsive or netttractive
and be driven by steric repulsions, van der Waals attractions, hydrophobic
interactions, and attractive or repulsive electrostatic interaéfiohs

In dilute conditios, where the protein concentratian)(is low (typically, c2
below roughly 10 mg/mL for most MADbs), the sign and magnitude of colloidal

proteinprotein seHinteractions can be quantified experimentally with the second
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osmotic virial coefficientBz2 111Y(cf., Chapter 1, Section 1.3). In Chapters 2, and 3, it
was shown that electrostatic interactions can influence prgedfninteractions
particularly in low ionic strength regimes where these interactions aradogg due

to large Debye screening lengths (cf., also Chapter 1, Section 1.4).

Physicaly, the charger{) of each atom is quantized and representeq byt Q
where n is aninteger number andQ is the charge of the electron. As charge
guantization does not allow existing partial charges for a single charge site, this can
limit predictionsof proteirprotein interactions in conditions in which the pH value is
close to the pKof titratable amino acids. Given that many practical formulations are
near physiological pH if possible, this is particularly salient for His residigelsut
could begeneralized beyond those cases.

For example, if one uses the Henderstasselbalch equation to calculate the
equilibrium, timeaveraged probability of a given amino acid side chain to be in its
protonated (P or unprotonated state-JPEq. 4.1a and.1b provide the values of:P

and PR, correspondingly, based on the solution pH and the pKa value of the side chain.

v —- (4.1a8)

C

(4.1b)

where0 is the probability of being fully positively charged for a basic amino acid or
neutral for acidic amino acid (i.e., being protonated); @nig the probability of being
fully negatively charged for an acidic amino acid ortredufor a basic amino acid (i.e,

being deprotonated). Eq. 4.1a and 4.1b indicate that the equilibrium probability of
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being either protonated or deprotonated is a continuous quantity and can be a real
number between 0 and 1 for a given pH.

This chapter illustrates the results of a Monte Carlo computational approach to
accommodate the fact that the charge state of a given amino acid will fluctuate over
time, between neutral and fully charged (+2Dyrif the pH is sufficiently clee to the
pKa of the side chain. The average charge state may lie between neutral and fully
charged, but there are n o Aparti al char
configuration of the proteins that contributes to the net interactions. This becomes
important becase net attractive interactions (e.g., between fully positively charged
and fully negatively charged residues) contribute more greatly to the net average
interactions due to the nature of the Boltzmann faetdt The method is mainly
based on a classitstatistical approach to treat fluctuating charge residues, without
guantum calculations (i.e., not a hybrid quantiassical simulation). This i®sted
using B2z predictions and comparisons with experimental values for three
immunoglobulin gamma (IgGp) r ot ei ns. One is an 1 gGl su
and two are from the }FgoG4a nsdrbooll,gpGdso | (| keecriat
they represent a range of behavior for the monoclonal antibodies (MAbs) (Figures
C1). The experimental data were publishdviously®®, with experimental details
summarized below (See Section 4.2, Computational Methods). The interactions in
solution were characterized using SLS at pH 5.5 and 7.0 and for a range of ionic
strength.

Static light scattering (SLS) was ustxexperimentally determinBz2 values
for a given IgG and solution conditions. The 1bC/D model that was introduced in

Chapter 2, was used here to calcuBigevalues using a Monte Car(C) algorithm
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that is deliberately biased to improve efficiency aagnpling of relevant molecular
configurationd. The simulation method uses the Mayer sampling with overlap
sampling (MSOS) algorithm (cf., Chapter 1, Section 1.6) which calculates viral
coefficients with respect to a reference $t&e As in Chaptes 2 and 3, sterionly-
interactions were used as the reference state. In Chapter 2, it was shown that the level
of coarsegraining of the 1bC/D model provided accurate predictions of electrostatic
interactions and is significantly less demanding in teofnsomputational resources
compared to alitom molecular simulatioAs

The prior work’22213 assumed that each titratable amino acid side chain or
potential charge site was static in terms of its charge state. The approach which is
introduced inthis Chapter with charge fluctuations is compared against the prior
approach and shown to be equally or more accurate compared to the experimental data
without dramatically increasing the computational burdénally, the probability
distributions for protonation states were calculated for each His residue for each MAb
as a function of pH and ionic strength. The results highlight that His residues may
contribute differently to the net proteprotein interactias when they are governed

mainly by electrostatic interaction in low to medium ionic strength.

4.2 Computational Methods

4.2.1 Molecular Simulations for B2z Predictions
The MSOS algorithm, which was introduced in Chapter 1, Section 1.6 was used
in this Chapter with slight modification to incorporate the effect of charge fluctuation

as elaborated below.
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MSOS simulations were performed for 25 using the 1bC/D model which
the simulation details explained in Chapter 2, except for the following additions. T
incorporate the effect of fluctuating His charges, for each His residue a uniform
random numberi( between 0 and 1 was created and compared against the
corresponding probability of protonatiod in Equation 4.1a.This was done
independently for eachisiresidue, and it was considered protonated in the given trial
configuration if the created random number was less than the corresponding
probability of protonation (i.ei 0 ), otherwise it was neutral. This process was
done for each His residue indgyaently in all configurations.

Each simulation started with 40 10 equilibration configurations to
determine the maximum displacement and rotation angle such that 50% of each MC
movement were accepted in the remainder of the simulation, followed &yeaaging
period for B22/Bz22,stover 10 7 10° total configurations. At least three independent
simulations were used for each molecule and solution condition to assess convergence
of the final reported B/B22 st values. SinceKa values for a given amino acid can
depend on the local structural/chemical environrf?éHt?16 for simplicity, a single
value (pk=6.04) was usetbr all His residues for the three MAbs. This approach can
easily be adjusted in future work if individyaKa values are known. While the new
method may resulin a large combinatoric charge phase space for combinations of
pairwise interactions between proteins, the MSOS algorithm biases the choice of
configurations toward those that contribute most to thieev of B2, thus allowing
more accurate and faster convergence of calcuBtadlues.

The same interaction potentials used in Chapter 2 for the 1bC/D model were

used in this Chapter to calculate the total interactions enétgyH 5.5 and7.0, the
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val ence of

charge Lys and Arg were
treated as fluctuating quantities. The charge of His residues was allowed to fluctuate
based on the probability of protonation (Eqg. 4.1a) as described.aboveaaljustable
parameters[( and- ) for the interaction potential were also tuned with the same
methodology which was explained in Chapter 2 using ARD calculation and SLS data
at the highest measured total ionic stren@iibles 4.1 and 4.2 show the values of

B22,stas well as the adjustbCG model parameters tuned by experimental data.

Table 4.1: 6  and model free parameters ( , - ) for 1gG1, 1gG41 and
IgG4-2. The values are independent of the choice of pH.

treat e

MADb | Baz,st(mL/g) | ,, (nm) | - Q7Y
lgG1 9.89 3.68 0.87
lgG4-1 9.67 3.30 0.80
lgG4-2 8.47 3.20 0.89

Table 4.2: The optimum values based on ARD calculations fgG1, IgG41 and
IgG4-2 for fluctuating and fixegtharge simulations at pH 5.5 and 7.0.
pH=5.5 pH=7.0
MAb | Fluctuatingcharge| Fixed-Charge| Fluctuatingcharge| Fixed-Charge
simulation simulation simulation simulation

lgG1 0.7 0.6 0.7 0.7
lgG4-1 0.3 0.2 1.3 1.3
IgG4-2 1.63 1.65 1.67 1.67
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4.2.2 Probability Distributions for Protonated and Deprotonated States

As noted in section 1.2.1, at each simulated configuration the charge of each
His residue is allowed to fluctuate based on the corresponding protonation probability
(i.e., 0 in Equation 4.1a). The choice of using a universak p&lue resultedn a
universal protonation probability for each His residue. However, the latter does not
guarantee that each His residue contributes equally to the net interaction energies
between proteins and consequenthy Balues. This is mainly because the MSOS
algorithm biases sampling toward those configurations that contribute mostzto B
values.

Equations 4.2 and 4.2b quantify the probability of protonation states (i.e.,
charged, or neutral) for each His residue as a function of the interactiogy ene

between proteins (E).

0 © ‘ ‘ T80

v ©O T8&8W

whered O andd 'O are the probability density of finding a particular His
residue becoming fully charged or neutral as a function of prpteiein interaction
energy E) respectivelye¢ O andg¢ ‘O are the numbers which a His residue
found charged or neutrat energy E respectively.

Moreover, each His residue can contribute differently to the net interaction
energies between proteins through electrostatic interactions. Equation 4.3 quantifies

the probability density of a His residue as a function of @stebstatic energy.
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whered O ;  represents the probability density of finding a His residue to have
the electrostatic enerd® , and0 O  is the number that His residue found at

o :

4.3 Results and Discussion

Simulations were performed to predizt and the effect of fluctuating His
charge residues vs. fixed charge states forl|gdGG41, and IgG42 at pH 5.5 from
medium (~38 mM) to high ionic strength (Fig. 4.1). The results from allowing
fluctuating His charge/valence are shown in the red shaded area in Fig. 4.1, while
those from forcing fixed His valence (at +1) are shownha blue shaded area,
compared to the symbols that represent the experimentél®data

For IgG1 (Fig. 4.1a) at TIS above ~85 mM, both fixed and fluctuativayge
scenarios (red and blue shaded area) predicted approximately the same vafues of
This is consistent with the minimal contribution from electrostatic interactibhgyh
ionic strength. SLS data shows an increase in net electrostatic repulsion at the lowest
measured TIS compared to medium to high TIS. Interestingly, compared te fixed
charge simulation, fluctuatingharge simulation resulted in an accurate prediabb
electrostatic interactions and consequently 6ih value. That is because fully
protonated states in the foharge simulation overestimate the net electrostatic

pairwise repulsion between charged amino acids in the neighboring protein. However,
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fluctuatingcharge simulation modifies the strength of pairwise electrostatic
interactions by reducing the protonation state probability of His charged residue.

In the case of IgG4, inspection of the SLS data shows there is a relatively
weak netcontribution from electrostatic interactiorsd pH 5.5 (Fig. 4.1b, black
symbolg®), as indicated by the lack of statistically significant change&®inas a
function of ionic strength. The average value @f i s near 1T0. 75, w
comparable d the highionic strength values observed for other MAbs when
electrostatic interactions are highly screéée?84217. Simulations with either fixed
or fluctuating charges also show a weak dependenéé obn ionic strength. Given
that the net nteractions are not strongly influenced by electrostatics, it is not
unexpected that His fluctuations do not contribute significantly to the net results in
Fig. 4.1b.

The SLS data as a function of ionic strength at pH 5.5 shows a contrasting
profile for IgG42 (Fig. 1c, black symbol®5). The value ofy* is large and negative
6°~ 15) at low ionic strength anddé’i~-ncrease
T1 at high 1 onic st ricdicages that thelnetSnteteansda@0 mM) .
dominated by strong electrostatic attractions at low TIS and makes2g®4his pH
an interesting case to test the effect of fixed charges vs. fluctuating charges.
Qualitatively, both types of simulation (red and blue shaded areas in Fig. 4.1c)
predicted the trend of proteprotein interactions as a function of TIS. However, the
simulations with fixed charges (blue shaded area) underestimated net electrostatic
attractions compared to the experiments. In contrast, the simulations with charge
fluctuations predicted the experimenddl values quantitively. In general, the results

at pH 5.5 for the MAbs that showed strong electrostatic interactions at low ionic
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strength illustrated that while fixecharge simulations may capture the behavior
qualitatively, the fluctuatingharge simulatins provided better quantitative
agreement. At higher ionic strength, the fix@thrge approximation was reasonable,

as expected since electrostatic interactions are much less influential under those

conditions.

a) “*Tige1 b) "Tigca-1

l(I)O 160
TIS (mM) TIS (mM)

| 1gG4-2

100

TIS (MM)

Figure 4.1: 6° as a function of total ionic strength (TIS) faylgG1,b) IgG4-1 and

c) IgG4-2. The black circles represent experimerital data at pH 5.5.

The red shaded area shows simulated values at pH 5.5 where each His
residue is considered protonated with 78Rélihood. The blue shaded

area corresponds to the simulation in which all His residues are
considered fully protonated. The thickness of the shaded area
corresponds to the error of simulated values.
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Figure 4.2 shows the experimental val(ielck circles) and predicted values
of 6° (red and blue shaded area) for IgG1, IglG4nd IgG42 as a function of ionic
strength at pH 7.0. The shaded regions represent thedhade simulations (blue)
and fluctuatingcharge (red) simulation ressit respectively. Although pH 7.0 is
almost a full pH unit away from the nominal His $¢6.04) used in the simulations,
EqQ. 4.1a yields ~ 10% likelihood protonation (on average) for each His residue when
considered in isolation. Experimental values for 1g& pH 7.0 in Fig. 4.2a are
effectively independent of ionic strength within statistical uncertainty, with an average
value of 6° between-3.5 and-5. This is a similar magnitude and sign as the -high
ionic-strength conditions for this molecule at pHb,5consistent with an interpretation
where norelectrostatic attractions (e.g., hydrophobic interactions and van der Waals
interactions) dominate the behavior for this MAb for pH 7.0 solutions, as well as for
high ionic strength at pH 5.5. Both the fixedarge and fluctuatinghargesimulations
are similar, which is again as expected when electrostatic interactions do not
significantly impact the ned® values. Figure C2 shows as a function of short
range interaction parameter in the limit of high TIS (i.e,
[ ). Compared to IgG4 and 1gG42, one observes that the valueddf for IgG1
decreases more by increasing the strength ofetectrostatic shomtange interaction
energies. Moreover, hydrophobicity analysis on idain groups (data not shown)
showed more hydrophobic patches for IgG1 compared to those ofligiad 1gG42
which is consistent with SLS data at high TIS at both pH 5.5 and 7.0.

The results for IgG4 at pH 7.0 show a small decreas&in with increasing
ionic strength, effectively plateauingat ~ 1 0. 5 at high 1onic

The valus at high ionic strength are within statistical uncertainty of those for pH 5.5

10C
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for IgG4-1. The impact of electrostatic interactions is minor for this molecule and pH
conditions, with only a small increase in contributions from electrostatic repulsions at
the lowest ionic strength tested. As above, this expectedly resulted in preificted
values for fixedchargevs. fluctuatingcharge simulations.

The experimental behavior of Ig&at pH 7.0 is qualitatively similar to that
for pH 5.5, except those net attractions at lower ionic strength are even more
pronounced at pH 7.0 than at pH 5.5. Combined with the observation that magnitude
of the net attractions is greatly reduced by increasing ionic strength (Figure 4.2c), this
indicates that moteinprotein interactions for IgG2 at pH 7.0 have strong
contributions from electrostatic attractions that are screened at high ionic strength. The
values ofd” at high ionic strength are comparable between pH 7.0 and pH 5.5.
Interestingly, althoulg the net interactions are driven by electrostatic attractions as
ionic strength decreases, both fixdwhrge and fluctuatingharge simulations show
similar results and good agreement with the experimental data. This is likely due to the
low probability d protonation (~ 10%) for each His residue, and therefore a lesser
impact of charge fluctuations. For a given MpAB condition, the electrostatic
contribution in simulated® values depend on the selectedvalue. Table 4.2, in
Section 4.2.1 shows theorresponding optimum[ () values for both fixed and
fluctuatingcharge simulations. Slight shift in the optimunparameters was observed
at pH 5.5, while the values were effectively the same at pH 7.0. This indicates that the
differences for the predied B2 vs. TIS profiles were primarily due to the different
simulation algorithms (fixegharge . fluctuatingcharge) rather than simple

parameterization.
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Figure 4.2: 6° as a function of total ionic strength fa) IgG1, b) IgG4-1 andc)
IgG4-2. The black circles represent experimetal data at pH 7.0. The
red shaded area shows simulated values at pH 7.0 where each His residue
is considered protonated with 10% likelihood. The blue shaded area
corresponds to the simulati in which all His residues are considered
fully protonated. The thickness of the shaded area corresponds to the
error of simulated values.

The fluctuatingcharge simulations were able to capture the net prpteiein
interactions at pH 5.5and 7.0 accurately with a similar computational burden
compared to the fixedharge simulations except for cases where the fluctuating

charges were most important. One example is 1gGdt pH 5.5, where the
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fluctuatingcharge approach provides better wmfitative predictions. However,
predicting the highly negativ@* x @ at the lowest TIS for this molecule resulted in
roughly 2.5fold more computational time compared to the feobdrge simulation
That is mainly because at conditions with electrostatieractions that are strongly
influenced by strong attractions due to charged His residues with oppositely charged
residues, this requires sampling a broader range of possible surface charge
distributions that ultimately impact the net protprotein nteractions.

To gain insight into the role of fluctuating charges@n for particular His
residues, the probability density distribution for protonated states (defiote® )
and deprotonated states (denoted ‘O) was calculated for eadHis residue as a
function of proteinprotein interaction energy (E) for each M#mbffer condition.
Figures C3C8 show 0 'O and 0 'O for each MAbbuffer condition.
Interestingly the ratio off overd (0 jO ) converged taalmost a constant
number as a function of proteprotein interaction energy (i.e., E inequation 4.2) for
each His residue, although the actual values may depend on the ionic strength and the
type of interaction that drives the net protpnotein interagons (Figs. C9C14).
Fluctuatingcharge simulations predict different net protonation states for His residues
compared to the expected result if the average charge state was based simply on P
and P in Equation 4.1. For example, Figure 4.Bastrates awide range of
0 jO values spanning from ~2.2 (first residue) to ~4.1"(Gidue) for IgG4 at
pH 5.5 and TIS 35 mM. Alternatively, for the same protein at pH 7.0 and TIS 58 mM,
there were not significantly higher or lower tendencies for paiton of specific

residues compared to the nomidalj 0 ratio (Fig. 4.3d). Another interesting case

is 1gG41 at both pH 5.5 and 7.0 where SLS demonstrates weak pprtdein
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interactions which are driven by fairly weak nmelectrostatic intexction. Regardless

of the choice of pH and ionic strength, Ig&4shows almost the same value of

~
= 5

0 j for all His residues (Figs. C10 and C13).

The same behavior was observed for the three MAbs at high TIS conditions,
which is expected for coniibns where the net electrostatic interactions are highly
screened. This is consistent with a physical argument that in conditions that
electrostatics have minimal contributions to the net prgieatein interactions (e.g.,
high TIS cases in Figs. @914, and Fig. 4.3b) the charge state of a given His residue
on one protein will not be significantly influenced by the proximity of charges sites on
a neighboring protein, and therefore all His residues may contribute equally to the net
proteinprotein interations. Overall, one observes that larger contributions from
attractive electrostatic interactions promote shifts in the His protonation probabilities
compared to nominal values. Therefore, it is not surprising to observe the minimal
impact on protonationstates when proteiprotein interactions are influenced
minimally by nonelectrostatic interactions.

Figures C9C14 and Figure 3 show that the valuestofj 0 may differ
based on His residue index, depending on the ionic strengtmi@ndction energies
between proteins. To investigate the underlying physics behind these values, the
electrostatic energies that each His residue experienced during the simulations were
calculated and converted to probability density values as desdribéee Method
section. This was done to see if a large or small value ¢f0)  corresponds to the
range of electrostatic energies that His residues experience. Figure C15 compares the

0 j values of those in Figure 4.3 to the corresponding probability density of
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electrostatic energy of His residues. However, no robust relation bebvgen and

corresponding energy range of His residue was found.
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4.4  Summary

In this Chapter, a new statistical computational method was introduced to deal
with fluctuations of the chargstate of titratable residues when their pKa values are
close to the solution pH. Three monoclonal antibodies that were characterized using
SLS at pH 5.5 and 7.0 as a function of ionic strength in prior work were used in this
chapter as test cases. In sauoaditions for solution pH near the p#f titratable side
chains (i.e., His in the current examples), the results indicate that it was useful to
account for the different charge states of His in the comparison with simulated values
for the experimentalesults.

The MSOS algorithm, which was introduced in Chapter 1, Section 1.6 along
with 1bC/D which was introduced in Chapter 2 were used to predict the second
osmotic virial coefficient for each MAb and solution condition. To consider the effect
of His charge fluctuations, a modification to the MSOS algorithm was introduced
where the charge valence of each His residue was independently permitted to fluctuate
between +1 and 0O, based on the nominal probability from the Henddesselbalch
equation for the choice of pH and pKa of His residues. For simplicity, a common
value of pka (6.04) was used. Overall, the new computational approach provided
equal or improved accuracy for predictiBgp values for each MAbuffer condition
when compared to canmal fixedcharge simulations. The most notable
improvements were for conditions with strongly net attractive electrostatic
interactions. The probability density for protonation states of His residues at pH
conditions near the His pKa value was also datedl to assess the role of fluctuating
His residues in proteiprotein interactions. The results show that the protonation state

of individual residues with differing charge states can be significantly different from
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the nominal expected values, and tlgs based on the strength of electrostatic
interactions between proteins and concomitant charge distributions for different

configurations of pairs of proteins that ultimately contribute to the measured

interaction parameters such ag.B



Chapter 5

SUMMARY AND FUTURE WORK

5.1 Summary

Protein seklinteractions play a key role in influencing biophysical properties
of therapeutic proteins like poor solubility, aggregation, phase separation, and solution
viscosity. Attractive proteinself-interactions are linked to these biophysical risk
factors and can hinder the development of drug candidates. Thermodynamically, the
second osmotic virial coefficient of a syste () measures the strength of net
protein selfinteractions in low pr@&in concentrations. A negative (positive) value of
0 indicates net attraction (repulsion) between proteins. Several studies have shown
the correlation between the strengthtof and some biophysical risk factors. This
makes® a useful indicator quantity to screen and flag those drug candidates that
show high attractive selhteractions. Physicallyd is a function of electrostatic,
steric, and notelectrostatic shomange interactions at a molecular level. In addition,
to protein primary sequence and its 3D structure, solution conditions like pH, ionic
strength, cesolutes, and temperature can influence the strength of interactions and
consequently affecd . Experimentally, there are several methods to measure
values in a given formulation condition like neutron anday scattering (SANS and

SAXS) and light scattering (LS). However, light scattering is more available, less
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expensive compared to SANS and SAXS. The experimental process of measuring
0 values can betime-consuming for different MAb solutions. This promotes
developing computational tools like coaxgmined modeling and algorithm that aid in
predicting 6 values with high accuracy against experiment and reasonable
computational burden.

In this dissertation, both experimental and computational methods were used
to aid in predicting protein seifteractions via coarsgrain modeling, developing
algorithms, and identifying potential residues that influence pratgininteractions.

This section briefly summarizes each chapter as elaborated below.

In Chapter 2, several CG models were used to predict the second osmotic
virial coefficient for 5 distinct published monoclonal antibodies. The pH conditions
resulted in 10 differanMAb-pH conditions, studied as a function of total ionic
strength in low protein concentration. The collection of CG models spanned from
domairtlevel descriptions (HEXA and DODECA) to amiacidlevel descriptions
(1bAA). Also, a hybrid of domain level i close to atomistic level resolution for
charge sites was introduced, emphasizing an accurate prediction of electrostatic
interactions (1bC/D). All CG models were compared based on their ability to capture
guantitatively and qualitatively the corresporgl experimentald  values at low
protein concentrations. The models were also compared based on the relative
computational burden and potential for extension to high protaicentration
conditions. Also, comparisons were made with the emphasis oabiliy of each
model to represent steric repulsions, electrostatic repulsions, and attractions
accurately, and to a lesser extent on-slattrostatic interactions for net behavior

bet ween proteins. The behalviikoero rsayhsgteedmsf rt



opposite extreme where particular oppositely charged amino acids lead to strong
attractions. The focus was on the impact of different levels of coaas@ng for the
distribution of charged amino acids on the protein surface rather than theutistrib

of hydrophobic amino acids. Domdievel models predicted net repulsive and mildly
attractive net protein seifiteractions with reasonable accuracy and much lower
computational burden compared to higher resolution models. However, the domain
level models were inherently limited in the context of protsatution conditions

when attractive electrostatic interactions between oppositely charged amino acid
residues dominated. In the latter case, explicit sites are needed for each charged amino
acidorcmr ged fAsiteso on the protein surface,
expected to be general across CG models beyond those considered in Chapter 2.

In Chapter 3, the 1bC/D model introduced in Chapter 2 was used to accurately
predict the #ects of charge mutations on MAb seiteractions due to electrostatic
attractions as measured by static or dynamic light scattering. In Chapter 2, an example
protein termed MAb C showed strong electrostatic attractions from low to medium
ionic strengthbased on SLS data. This MAb was used in Chapter 3 as the baseline
wild-type MAb and a test case for the rational design of point mutations. Chaege
and chargdo-neutral mutations were calculated systematically one at a time for all
individual chargedesidues at pH 5 in the WT heavy chain sequence and similarly for
the WT light chain sequence. All mutations were confined to sekgmbsed surface
residues and did not result in significant changes in protein structural integrity as
assessed by DSC agD measurements. Overall, this highlights a lucrative approach

to the rational design of salfiteractions for therapeutic proteins that can be combined
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with other complementary methods that monitor binding affinity, efficacy, and
function, chemical stabil/, etc., for optimal protein design.

In Chapter 4, the 1bC/D model along with the MSOS algorithm were used to
predict the second osmotic virial coefficient for three additional published MAbs at
pH 5.5 and 7.0 as a function of ionic strengfor solution pH near the pKof
titratable side chains (i.e., His in the current examples), a new statistical,
computational approach was introduced to account for different charge states based on
the classic Hendersdhdasselbalch equation. This is mom@mounced for His residue
as its pKa is close to the pH of the solution in the current work. A simple modification
on creating configurations in the MSOS algorithm was introduced to consider the
effect of His charge fluctuations. This allowed the chatgter valence of each His
residue to independently fluctuate between +1 and 0, based on the nominal probability
from the Henderschlasselbalch equation for the choice of pH and pKa of His
residues. For simplicity, a common value ofa{&.04) was used faall His residues.
Compared to canonical fixecharge simulations, the fluctuatiofparge simulation
provided equal or improved accuracy for predictiByg values for each MAlbuffer
condition as a function of total ionic strength. The most notable irepnents were
for conditions that protein seiifteractions depended strongly on net attractive
electrostatic interactions. The corresponding probability density also assessed the role
of each fluctuating His residue to the net protein-sedractions forprotonation
states. The results showed that the strength of electrostatic interactions between
proteins and charge distributions that contribute to pretelhinteractions during
simulation could significantly shift the probability densities from the inam

expected values.
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52 Future Work

5.2.1 Predicting Protein SelfInteractions of Pure and Binary Mixtures of
Proteins from Low to High Concentration

In Chapter 2, a suite of coargeained models was introduced to predict
protein selinteractionsin the dilute limit (<10 mg/mL) in terms of the second
osmotic viral coefficient d ). However, some drug formulations need a higher
concentration of proteins. This is more pronounced for subcutaneous injection, in
which the protein concentration carach up to 150 mg/mL. Also, the formulation of
at least eight different protein mixtures has been reported to be in clinical
development. That is mainly because of increasing the specificity and targeting
multipole epitope of protein mixtures on differemtigens®®. In this case, predicting
protein crossnteractions could be quite helpful and necessary to flag those solution
mixtures and solution conditions that potentially exhibit strong attractions and
promote biophysiochemical risk factors at low or elevatetepr@oncentration.

Binary mixtures are a type of protein mixtures that contain minimal €ross
interaction between proteins as they include only two different proteins with different
sequences. An increasing number of distinct proteins sesuthe growth of distinct
crossinteractions between protein species. Considering the-crt@saction between

protein A and protein B, Equation 1.17 can be rewritten as Equati#if. 5.1

— 00 i V0 F ® 0O ¢cVVLO 00 w LY

where0 and U0 are the mass fraction of protein A and B respectivaly, j
andd | are apparent molecular weight of protein A and B, aidis the total

mass protein volume concentratioi® , 'O and"O are corresponding protein
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Kirkwood-Buff integral between pure protein A, pure protein B, and ergssaction
of A and Bproteins respectively. Static light scattering can be performed to measure
the excess Rayleigh ratio profile in Equation 5.1 of binary mixtures as a function of
pH and ionic strength.

In the case of a binary mixture, the compressibility factouéign 1.5) can be

rewritten as follow.

p 6 ® 6w 6w E L&

where L represents the crossmotic pressure for binary mixture of A and B
proteins. However, all type of possible crasteractions between A and B proteins
needs to be considered in calculating the virial coefficient of the system. For example,
in the case ob which accounts for twdbody interactions, interactions can happen
between A protein pairs onlyo( 0 0 , B prokin pairs only ¢ 6 6) or cross
interaction between A and B proteirts ( 0 0).

Equations 5.2 can be used to predict proteiristdfaction of a binary mixture
using different resolutions of CG modeling. 1bC/D is particularly interesting as it is
relatively fast and sensitive to chargearge interactions. In Chapter tBe 1bC/D
model showed that it could be considered a valuable tool for candidate
selection/design. This potentially suggests that the 1bC/D model can also be used to
test WT sequence redesign toward more stable candidates/variants at high protein

concentréon using either Equation 1.5 (single pure species) or 5.2 (binary mixtures).
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5.2.2 Modified 1bAA Model

As discussed in Chapter 2, an accurate estimation of electrostatic interaction
Is salient for predicting protein saliteractions. Thiss more pronounced in a low
lonic strength regime where electrostatic interactions areriamge due to the large
Debye screening length. Both 1bAA and 1bC/D models were considered models
sensitive to electrostatic interactions. However, inthAA model,instead of using
the atomielevel resolution (like in the case of 1bC/D), the geometric center of each
charge amino acid is used for calculating the electrostatic interactions. In this case, the
location of charge sites deviates from the geometric cafiteharged amino acids
which results in inaccurate estimation of electrostatic interactions. Nevertheless,
unlike the 1bC/D model, the 1bAA model is sensitive to all neutral amino acids that
can play a key role in accurately estimating +edgctrostatic strt-range interaction
energies.

The 1bAA model can be adjusted to provide a more accurate estimation of
electrostatic interactions while keeping a high resolution of all neutral amino acids. In
a modified version of 1bAA, like 1bAA, one beadasated at the geometric center of
each amino acid. These beads are designed to contribute only to steric and non
electrostatic shontange interactions. The same methodology of dedicating charged
beads for the 1bC/D model can be used to set charge beadsnodified 1bAA
model. The main modification is setting these specifically charged beads based on
atomiclevel resolution. This enhances the prediction of electrostatic interactions.
These charge beads only contribute to steric and electrostatic fioiesad herefore,
in such a modified version of the 1bAA model, there is one bead for each neutral

amino acid and two beads for each charged residue.
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To test the accuracy of the modified 1bAA model, the normalized second
osmotic virial coefftient © jO0 ) of a globular protein (aCgn) was calculated
using the MSOS algorithm as a function of ionic strength at pH 7. Figure 5.1a
compares the accuracy of prediction of 1bAA model against experiment at pH 5 and 7
for aCgn as a function of @itionic strength (TIS). The data was adapted faterc
Rubi o6s doct or &9 Intthe case ef pH B 1biAA model (hlee slaslsed
line) provided a good quantitative prediction®f j 6  values against those of
experiment (blue squares). However, in the case of pH 7, for TIS below 60 mM, the
simulated values of the 1bAA model (bronaramatically deviated from those of the
experiment (brown circles). In this case, the 1bAA model predicted strong net
repulsion between proteins particularly in low TIS, while the experiment measures
moderate to the strong electrostatic attraction atsdree range of TIS. However,
Figure 5.1b shows that the modified version of the 1bAA model (red circles) resulted
in a good quantitative prediction compared to experimental data (black squares) at pH
7. This behavior makes it more pronounced that an atzestimation of electrostatic
interactions can highly depend on the location of charge beads dedicated for each
charge site for a given CG model. Future works concern using the modified version of
the 1bAA model for predicting protein seffteractions 6full monoclonal antibodies,

MADb fragments, therapeutic nanobodies, and therapeutic fusion proteins.
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Figure 5.1: a) ExperimentaB2/B22,stvs TISwith the best fit parameter sets from the
1bAA CG model for aCgn. Blue squares (pH 5) and brown eirgél 7)
represent the experimental data while dashed lines represent the
simulated values. The simulated values overlap with the experimental
data except at the IoWIS conditions for pH 7. The information adapted
from a prior doctoral dissertati®i b) ExperimentalBzo/By2stvs TIS
with the best fit parameter sets from the modified 1bAA CG model.
Black squares (pH 7) represent the experimental data while red circles
represent the simulated values of the modified 1bAA model. The
simulated values ovexp with the experimental data across measured TIS

for pH 7.
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5.2.3 Extended Mayer Sampling Algorithm for Improving Free Model
Parameter Refinement and Candidate Design

In Chapter 1, Section 1.7, Mayer sampling with overlap sampling (MSOS)
algorithm was introduak as an effective Monte Carlo method to calculate virial
coefficient of a system. In Chapter 3, MSOS was used to predict the most influential
residues driving protein seifiteractions for a poor soluble MAb C. This resulted in
524 different simulations toank charge residues in Witgipe protein at TIS 19 mM
and 59 mM based on the corresponding values of all chargewap and charg®-
neutral mutations.

However, it is possible that one cannot obtain enough improvement iny
only single mutations, and extra point mutations or mutation combinations may be
required to improve protein sdliteractions. In this case, the total number of all
possible muttons can increase combinatorically by increasing the number of point
mutations. For example, in the case of MAb C, there are 131 single, 8,515 double, and
366,145 triple distinct choices for selecting charge residues respectively. Nevertheless,
the numbeof mutations is not the only parameter that can result in a high number of
simulations. Electrostatic and natectrostatic shoftange potentials introduced in
Chapter 2, Section 2.2.2 included three parametefshand- 8These continuous
parameers can result in a 3D phase space of all possible combinations. The number of
simulations can increase up to 2bdder of magnitude if no experimental data exists.

The last challenge is revisited and formalized based on total protein self
interactionsenergy. The total interaction energy (E) is the sum of all pairwise
electrostatic (Equation 2.4) and nelectrostatic shomange interactions (Equation

2.5 or 2.6) between proteins and can be expressed by Equation 5.6.
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wherei andj are beads indeX\ is the total number of beads for one protéin, and
0 represent electrostatic and Relectrostatic shomtange interactioni is the
distance betweeith andjth beads andr] represents the set of charge distribution of
the protein. The argument of E in the {beind side of Equation 5.6 implies any
change inf , lhand - parameters and mutations () can impact protein self
interactions.

In this regard, the Mayer sampling algorithm (Equation 1.9) can be rewritten as

equation 5.7.

¢

3 [ Hi
3 [ H h

ho; g j* O
§ i O "%

where s is a multidimensional cluster integral in order & (Q & &). The
indexi, j, | andm represent the number of states corresponding to each parameter. For
example, for set off Al hy K ; h[ means here are 8 different
parameters| means there are 10 different total ionic strength, means there
are 131different charge distribution and means there are 5 different shahge
interactions parameters need to be calculated. Howavenvhich represents the
cluster integral of reference depends on single fixed set values of model parameters for
a given protein’ andf are the corresponding integrand of cluster integral
(3 ) and references( ) respectivy and* I

The most important feature of Equation 5.7 is that a multidimensional cluster
integral can be calculated using only one simulation. That is because thbhamght

side of equation 5.7 is being updated based on refewerly configurations during
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simulation. This potentially provides a significant enhancement in model parameter
refinement and candidate design. For example, to compare the accuracy of the
extended MS algorithm vs. MSOS algorithm, the modified 1bAA muaae used to
predict theBy. values of all charg#o-neutral mutations for aCgat pH 7 at TIS 60
mM. The below is performed as a simple first test of the extended MS algorithm.

aCgn contains 23 charged amino acids at pH 7 (PDB ID: 1EX3). MSOS
algorithm was used once a time to calculate the correspomdingalues of edt
mutation. This resulted in 23 different simulations. Using only one simulation, the
extended MS algorithm was also used to calculate all changeutral mutations. To
do that, the WT sequence of aCgn at TIS 60 mM was used as a reference of the system
(e, “ r i ). Also, the same model parameters of reference were
used to calculate the correspondiBg values of each mutation. In this case, the
multidimensional cluster integral in Equation 5.7 can be simplified and reduced to a

onedimensional vector represented by Equation 5.8.

31
3 I
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where 3 is a vector with lengtH. Here & ¢ oas thereare 23 different charge
distribution (1} ) corresponding to each charggeneutral mutation.

A series of configurations were created and sampled baséd oto calculate
and update both numerator and denominator of the-higidl side bEquation 5.8

during simulation. At each configuration, first, the denominator was updated

@ j“ O ) and then the corresponding Mayer function of each charge

neutral mutations () was calculated to update the enumeradoj { O ).



Figure 5.2 compares tH&2/B2> stvalues of extended MS algorithm vs. those
of MSOS algorithm. One observes that the extended MS algorithm rd8pBsy st
values with high accuracy compared to the MSOS algorithm. Interestingly the
computational burden of extended MS algorithm is simidaone simulation of MSOS
algorithm. This is not surprising as the interaction potentials of all changeutral
mutations can be calculated based on WT interaction energies.

Combined with Section 5.2.1, future work concerns the applicafiextended
MS algorithm in candidate design and predicting the most influential amino acids of
pure poor soluble MAbs and MAbs mixtures in different solution conditions from low

to high concentrations.
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Figure 5.2: Comparison of MSOS vs extended MS algorithm. Each red circle
represents the correspondiBgy/Bz2 st value of single charg®m-neutral
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Appendix A

SUPPLEMENTARY INFORMATION: TOWARD A SUITE OF COARSE -
GRAINED MODELS FOR MOLECULAR SIMULATION OF MONOCLONAL
ANTIBODIES AND THERAPEUTIC
PROTEINS
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FigureAl: Experimental B/Bz2st values from static light scattering for MAb 1
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Table Al: Valence values foHEXA beads for all conditionsThe HEXA domains
are k (VL + Vh), C1 (G + Cxl), C2 (G2 + G42) and C3 (@3 + G13),
where are two domains for both &d C£483,

MADb (pH) C3 C2 Cl1 Fv |Total

MAb1(5) | 556 10.14 9.21 2.61| 39.3
MAb 1 (6.5)| -0.40 3.64 5.08 0.31] 14.0
MAb2 (5) | 5.78 2.30 4.21 5.40]| 27.3
MAb 2 (6.5)| -0.38 -2.88 0.08 4.04]| 5.0
MAb A (5) | 1.56 155 8.01 10.2| 53.5
MAb A (8) |-5.95 8.03 2.03 6.88] 19.9
MAb B (5) |-2.23 6.29 7.09 1.68| 21.6
MAb B (8) |-9.95 0.01 2.02 -2.12|-10.1
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MAbC (5) | 1.56 155 9.90 0.82| 38.5
MAb C (8) | -5.95 8.03 4.03 -2.13| 5.9

[Table A2: Valence values for DODECA beads for all conditions. The last column
denotes the total net charge of the MADb at the given pH ¥4ftie

MADb (pH) Vi  Chl Ch2 Cu3 VL CL | Total

MAb1 () | 1.89 6.27 507 278 072 294] 39.3
MAb 1 (6.5) | 029 453 182 -020 0.02 055| 14.0
MAb2 (5) | 279 227 1.15 289 261 1.94] 27.3
MAb 2 (6.5) | 202 053 -1.44 -019 202 -045| 5.0
MAbA () | 3.79 7.18 7.75 0.78 6.42 0.83] 535
MAbA (8) | 1.94 4.02 4.01 -2.98 494 -1.99| 19.9
MAbB (5) |-0.84 5.37 315 -1.11 253 1.72]| 216
MAbB (8) |-3.06 3.01 0.01 -497 094 -0.99]-10.1
MAbC () | 025 818 7.75 0.78 057 1.72]| 385
MAbC (8) |-1.07 5.02 4.01 -2.98 -1.06 -0.99| 5.87

Table A3: Relative hydrophobicity valuese dimensionless) and bead diameters
(si, angstroms) for the 1bAA model, wheredenotes the chemical
identity of the amino acid. Reproduced from Blanco etlaPhys. Chem.

B 2013 117, 1601%.

. S : S
residue A) e | residue A) e

Lys 7.03 0.00] His 6.29 0.25
Glu 6.40 0.05] Ala 5.02 0.26
Asp 5.83 0.06] Tyr 7.11 0.49
Asn 595 0.10] Cys 492 0.54
Ser 5.28 0.11] Trp 6.70 0.64
Arg 7.32 0.13] Vval 6.05 0.65
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Gin 635 0.13] Met 6.32 0.67
Pro 562 0.14] 1le 6.36 0.84
Thr  5.81 0.16] Phe 6.95 0.91
Gly 431 0.17] Leu 6.55 1.00

Table A4: Residue indices for each domain in B®DECA and 1bC/D models.
Indices start at the f&rminal amino acid for the heavy or light chain.

Domain Residue Index
MAb1&2VL 1-107
MAb1&2CL 108214
MAb 1 &2 VH 1-118
MAb 1 &2 CHl 119234
MAb 1 &2 Ch2 244357
MAb 1 & 2 CH3 358474
MAbA&CV L 1-111
MAb A& CC . 112216
MAbA&CVH 1-121

MAb A& C CHl 122232

MAb A& C C K2 233344

MAb A & C C K3 345447
MAb B VL 1-113
MAb B CL 114217
MAb B V H 1-120
MAb B CHl 121-230
MADb B CH2 231-340
MAb B CH3 341-444




Figure A3: Geometric features for the HEXA and DODECA models. Reproduced
from CalereRubio et al.,J. Pharm. Sc201§ 107, 1269.

Table A5:

Charged site diametessi( angstroms) for charged sites in a given amino
acid for the 1bC/D model, merei denotes the chemical identity of the
amino aci®. For data shown in the main tes, was chosen to ba A

(e.g., the bead diameter for the charged ox

ygen site in Glu was 6.8 A).

Amino Acid sai (A)
Lys 3.7
Arg 3.4
His 3.4
Glu 3.8
Asp 3.8
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DODECA are much more computationally efficient,

a global

optimization was performed for both and[ which takes into account
the contribution from shomanged norelectrostatic interactions at
intermediate TIS as well (e.g., 100 mM). For monotonic profiles of
B22/B22stvs. TIS, the difference in the resulting values between the

two procedures was negligible.

Table A6: Domain bead diameters,(nm) for the HEXA and DODECA models
(independenof MAD identity) and the 1bC/D model for each MAb

Model si (nm)
HEXA 4.4
DODECA 3.5
MADb 1 1bC/D 3.1
MADb 2 1bC/D 3.35
MAb A 1bC/D 2.7
MADb B 1bC/D 2.9
MAb C 1bC/D 3.1
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Figure A5 Ba2stas a function of the domain bead diameter for MAb 1 (black), 2

1.0

0.5

BZZ/BZZ,ST

-0.5

-1.0 P—— P 1.0 oW s o s e
00 02 04 06 08 1.0 12 14 1.6 18 00 03 06 09 12 15 1.8 21 24 27

(blue), A (green), B (yellow) and C (purple) for the 1bC/D model. Circles
on each curve show the bead diameter that results in the correct value of
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FigureA6: B2 B2zstas a function o= |, where electrostatic interactions are ignored

(.e.,7  m for (left) HEXA (red) and DODECA (blue), and (right)
1bC/D for MAbs 1 (solid black), 2 (dashed blue), A (dotted green), B
(dashdotted yellow), and C (dasthot-dotted purple).

15C



BZZ/BZZ,ST

MAD 1, pH 5 (Case i)

100
TIS (mM)

BZZ/BZZ.ST

MAD 1, pH 6.5 (Case i)

100
TIS (mM)

BZZ/BZZ.S'I‘

MAD 2, pH 5 (Case i)

160
TIS (mM)

MADb 2, pH 6.5 (Case iii)

-8
10

100
TIS (mM)

100

ARD (%)

ARD (%)

ARD (%)

MAD 1, pH 5 (Case i)

0.0 0.3 0.6 09 1.2

i

MAD 1, pH 6.5 (Case i)

\

MAD 2, pH 5 (Case i)

MAD 2, pH 6.5 (Case iii)




2.0
1.5
L 10
o
2 05
o
0.0
0.5}
-1.0 .
10 100
TIS (mM)
20 MAD A, pH 8 (Case i)
15}
& 1.0}
gl% 0.5
2 0o =-..[ 4
0.5}
-1.0 :
10 100
TIS (mM)
MAD B, pH 5 (Case ii)
1k
5.2 L
oo
3
a3
-4k
-5 1
10 100
TIS (mM)
20 MAD B, pH 8 (Case ii)
1.5}
Lo}
&
QN 0.5 -\hi j -
2 oot
0.5
-1.0 :
10 100
TIS (mM)

MADb A, pH 5 (Case i)

150

MAD A, pH 5 (Case i)

125

[y
(=)
(=]

ARD (%)
P

50

25}

150

- -
=) ™~
S t

ARD (%)
a

150

125

100

75

ARD (%)

50

25+

100

MAD B, pH 8 (Case ii)

25 3.0 35

80+

60

ARD (%)

40

20

/

0.5

1.0

1.5 2.0



MAb C, pH 5 (Case iii) MAb C, pH 5 (Case iii)

0 - 100
5 80
; L)
S; -10 ?\: 60 -
3 15+ a 40
¢ Sl |
20 20
.25 1 0 1 () 1 1 i
10 100 0.0 0.3 0.6 0.9 1.2 1.5
TIS (mM) P
MAD C, pH 8 (Case iii) 100 MAD C, pH 8 (Case iii)
0 T T T T T
S5k
710} a
8 X
=] —
N
< -15} Q
8 =4
< <
220+
25+
) 0 1 1 A 1
10 100 0.0 0.5 1.0 1.5 2.0 2.5
TIS (mM) P

Figure A7: Left: Experimental BzB22st measurements (black) and simulated
predictions with y that nDODECAI zed Al

(green), 1bC/D (yellow) and 1bAA (purple). Right: ARD for HEXA,
DODECA, 1bC/ D and 1 b ATe selfassaxiatidnunct i o

behavior (i.e., Case |, ii or iii) is listed in the titles of each panel.

15¢



MAD 1, pH 5 (Case i)

100 L "
80 - / L
\
- y
§ 60 o
a
Z 10 .
20 L
0 T T T T T
0.4 0.6 0.8 1.0 1.2 1.4
Y
MAD 2, pH 5 (Case i
100 L s ” P ( L ) 1
80 -
< 60 L
o
Z 0 L
20+ -
0 T T T T T
0.6 0.8 1.0 1.2 1.4 1.6
P
MADb A, pH 5 (Case i
150 1 1 1 p l( ) 1
125 -
__ 100+ -
X
o 751 -
<
50 4 -
25 -
0 T T T T T T
04 06 08 1.0 1.2 1.4
1

 MAD 1, pH 6.5 (Case i)

800

600

ARD (%)
&
e

200

T T T T

0.3 0.6 0.9
L

MADb 2, pH 6.5 (Case iii)

)

1.35

150 155 1.60 1.65

v
MAD A, pH 8 (Case i)

140 145

100

80

60+

40

ARD (%)

204

)/

0.4

154

0.6 0.8



. MAbB, pH5 (Caseii) %0 'MAD B, pH 8 (Case ii)

100
80- 80 -
60+ = 60-
o o
‘é 40 °<‘ 40-
0 . . . . . 0 . . . .
1.05 110 115 120 125 130 1.35 0.6 0.8 1.0 1.2 1.4
Uy y
MAD C, pH 5 (Case iii MAD C, pH 8 (Case iii
100 1 p (l 1 ) 1 100 1 |p ( 1 ) 1
80- 80
< 60 L = 60- .
o [a
% 40 / L Z . .
7
20 L 20 \/ I
0 . . v . . . 0 . . . .
120 1.25 1.30 1.35 1.40 145 1.50 1.55 140 145 150 155 160 165
Uy y

Figure A8: ARD as a function of for the putative hydration layexy() for the
1bC/D model for values of 0 A (black), 0.75 A (blue), 1.5 A (green), 2.25
A (yellow), and 3 A (purple). The sedfssociation behavior (i.e., Case i,
i or iii) is listed in the titlesof each panel.

15¢



Appendix B

SUPPLEMENTARY INFORMATION: ELECTROSTATICALLY DRIVEN
PROTEIN-PROTEIN INTERACTIONS: QUANTITATIVE PREDICTION OF
SECOND OSMOTIC VIRIAL COEFFICIENTS TO AID ANTIBODY DESIGN
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Figure B1: Heat map of Mayer averaged pairwise interaction for WT and variants
for TIS 59 mM (left column) and 19 mM (right column)
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Figure B2: Excess heat capacity at constant pressure profile for WT at TIS 59
mM(red) and TIS 19 mMnavy). The downturn in the TIS = 59 mM
data at high temperature is an indication of precipitation of the protein, as
seen before when there are net attractions or screening of electrostatic
repulsiong 8.
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Figure B3: Excess heat capaciy constant pressure profile for WT (royal) and
variants (red) for TIS 19 mM.

16¢



Appendix C

SUPPLEMENTARY INFORMATION: PREDICTING EXPERIMENTAL
VALUES AND THE EFFECT OF HISTIDINE CHARGE STATES FOR
MONOCLONAL ANTIBODIES USING COARSE -GARINED MOLECULAR
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Figure C1: Excess Rayleigh ratio profile vs protein concentratignfgc 1gG4-2,
lgG4-1, and IgG1 at pH 5.5 and 7.0 at illustrated?¥S
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Figure C2: Simulated® as a function of nowlectrostatic shontange interaction
parameter-( ) for IgG1 (black square), IgG# (red circle) and 1gG2
(blue triangle).
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Figure C3: Probability Density distribution of finding specific His residue fully

protnated § ) or neutral § ) in log scale for IgG® at pH 5.5 as a
function of proteirprotein interaction energy at different TIS (left
column), the fraction 0d j O as a function proteiprotein interaction
energy for each His residugight column). The value ob (0 )
overlies for all His residues.



