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Protein self-interactions (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 formulation conditions like temperature, pH, and ionic strength. The main 

physical forces determining the net protein self-interactions are screened electrostatic 

attractions and repulsions, non-electrostatic short-range interactions, and steric 

repulsions. Strongly attractive protein self-interactions 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 play a key 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 coarse-grained 

modeling and identify the potential residues that contribute most to PSI.  

In the second chapter, a series of coarse-grained (CG) models were used to 

predict PSI in terms of the second osmotic virial coefficient (B22) for several 

monoclonal antibodies (MAbs) as a function of total ionic strength. In previous 

reports, these MAbs have shown a broad range of attractive and repulsive self-

interaction in different formulation conditions2ï4. The models were also compared 
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based on the computational burden and scalability. Comparing different CG models 

through predicting B22 values yields guidance for selecting CG models that optimizes 

prediction accuracy and computational burden.  

In the third chapter, the 1bC/D model (One-bead-per-charge-site-and-per-

domain) introduced in the second chapter was used to identify the most influential 

charged residues that could significantly reduce the strong net electrostatic attraction 

of a poorly soluble MAb. This was done by predicting B22 values after mutating each 

charge residue via charge-swap and charge-to-neutral mutations. A series of variants 

that were predicted to have the greatest improvement were made experimentally and 

tested using light scattering. Then the simulated B22 of variants were compared 

directly against experimental values. Compared to the experimental results, the model 

resulted in quantitative/semi-quantitative prediction of protein-self interactions. Also, 

the results showed that the qualitative pattern of pairwise interactions is not 

necessarily by itself as an indicator of protein self-interaction behavior and/or which 

variants will most likely result in improved net protein self-interactions 

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 problem arises in 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 conditions and relevant industrial 

product conditions. The new computational approach allows fluctuating charge 

residues based on a given probability governed by the Henderson-Hasselbalch 

equation. Compared to static charge simulation, the new approach improved 



 

 

 

 

xxi 

quantitatively predicting B22 values against experimental data, particularly when the 

pH of the solution is close to pKa of titratable residues. 
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INTRODUCTION  

1.1 Motivation  

The use of therapeutic proteins, particularly monoclonal antibodies (MAbs), 

has increased in recent years to treat various diseases, including cancers and 

autoimmune disorders5ï7. Protein self-interactions can influence biophysical properties 

such as poor solubility, aggregation, high viscosity, phase separation, and opalescence. 

These biophysical attributes influence the quality of drug products and potentially 

hinder the developability or manufacturability of drug candidates8ï10. Different factors 

impact protein self-interactions (PSI) like the protein sequence and its concentration, 

co-solutes, temperature, pressure, pH, type of buffer, and solution ionic strength11ï13. 

Knowing the potential risk factors or developability attributes associated with each 

candidate can reduce the effort, time, and material needed to develop a 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 (e.g., buffer, ionic 

strength, co-solutes) are among major factors driving PSI and potentially triggering 

biophysical risk factors14ï18. Figure 1.1 illustrates the full 3D structure of a typical 

monoclonal antibody. The complex behavior of different MAbs in different 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 prominent, 

particularly when one is interested in knowing the physical attributes (like charge and 
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hydrophobicity distribution and van der Waals interaction) that mainly drive protein 

self-interactions. Consequently, it facilitates developing screening tools that aid 

candidate design which is discussed in this dissertation.  

Thermodynamically, in low protein concentration or so-called ñdilute limit,ò 

PSI can be quantified by the second osmotic virial coefficient (B22). B22 measures the 

strength of net interactions between two proteins. At elevated protein concentration, 

the protein Kirkwood-Buff Integral (G22) represents the strength of net interactions. 

Several studies have shown the relation between B22 or G22 or the strength of 

interactions and some biophysical risk factors19ï22. For example, it has been shown 

that increasing the strength of attraction resulted in a higher monomer loss or 

aggregation rate19. Other studies reported the effect of charge-charge interactions in 

stabilizing large aggregate particles23,24. The orientational configuration of proteins 

(e.g., distance and relative orientations) suggested that the ñnetworkingò or 

ñclusteringò among proteins may be an indication of viscosity25,26. Experimentally, B22 

can be measured using different techniques like light scattering (LS), small-angle 

neutron scattering (SANS), x-ray scattering (SAXS), and analytical ultracentrifugation 

in low protein concentration (typically below 10 mg/mL)27ï33. Light scattering is more 

interesting in both academics and industry because of its greater accessibility and 

potential higher throughput than the other techniques 1,34,35. Furthermore, LS returns 

protein self-interactions in terms of either G22 or B22 that can be predicted using 

Coarse-grained (CG) molecular 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. 
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Figure 1.1: A ribbon representation of an intact IgG (PDB ID 1igt). The light chains 

are green, the heavy chains are cyan and blue, the glycoprotein is orange 

sticks, and the interchain disulfides are yellow sticks36. 

Several studies have used different coarse-grained modeling resolutions to 

study protein-protein interactions, protein self-association, and viscosity 19,25,37,38-48. 

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 coarse-grained 

models that are reasonably fast and provide higher accuracy for calculating 

electrostatic interaction 19,25,37,38-48 . Regardless of the choice of CG models12,49,50, 

typically, the location 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 long-range, and their magnitude influences protein self-interactions. 
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This becomes more prominent when electrostatic interactions mainly drive PSI or 

when a few charge-charge interactions greatly influence PSI. In this case, to enhance 

the accuracy of model predictions, a higher resolution of coarse-graining 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 solubility, aggregation, and phase separation. Several studies have 

reported phase separation and aggregation in low protein concentrations due to 

strongly attractive electrostatic self-interactions in low to medium ionic strength3,17,19. 

Notably, some formulations contain high protein concentrations (above 100 mg/mL) 

in a small volume like ~1.5 mL4,15. There are two general methods to tackle the poor 

solubility when strongly attractive interactions mainly drive PSI. The first method 

concerns the formulation 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 they 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 of charge distribution on the surface of protein which yields 

strong intermolecular specific pairwise electrostatic attractions51. Therefore, a suitable 

and precise manipulation of charge distribution through mutation can decrease the 

strength of attraction 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 that accurately account for electrostatic interactions and the 



 

 

 

 

5 

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 

ñinteractionsò that requires at least two proteins for any possible residue-residue 

attraction and repulsion, while several studies scored charged residues based on only 

one protein 13,52ï55.  

As discussed above, calculating electrostatic interactions with high accuracy is 

essential for accurate prediction of PSI and for discovering the most influential 

residues that drive protein self-interactions. Charge distributions on the surface of a 

protein play a key role in driving the strength of electrostatic interactions between 

proteins. Chemically the status of charge residues is governed by two factors pKa of 

titratable charge residue and pH of solution. Henderson-Hasselbalch (HH) ties the 

equilibrium, time-averaged probability of either protonation or deprotonation states to 

pKa and pH. A common 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 a continuous quantity. For example, in the case of pH=pKa, the 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. Indeed, the charge status must be an integer number so only +1, 0, and -1 

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 (5-7) that is typically considered for formulation. As partial charges are not 

physical, a new computational approach is necessary, particularly for high-resolution 

models having beads dedicated to each charged residue.   
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1.2 Project Goals 

This dissertation focuses on developing tools and algorithms that facilitate 

predicting and controlling protein-protein interactions from low to high 

concentrations, emphasizing electrostatic interactions. The first specific goal of this 

thesis is to introduce a fast coarse-grained model that provides a better estimation of 

electrostatic interaction for the prediction of PSI in terms of the second osmotic virial 

coefficient (B22). The second goal is to compare the accuracy of the B22 prediction of 

the new model with a suite of coarse-grained 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 B22 prediction. The fourth goal is to improve the 

developability of a poor soluble MAb driven by strong electrostatic interaction. This 

has been done through B22 prediction of all possible charge-swap and charge-to-

neutral mutations. The fifth goal is to validate the accuracy of prediction for a series of 

variants through LS characterization. The 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 experimental and computational methodologies are 

elaborated in corresponding chapters.  

1.3 Protein Self-Interactions in Terms of Protein Kirkwood-Buff Integral and 

Virial Expansion of Equation of State  

As already discussed, the strength of interactions among proteins plays a 

significant role in triggering biophysical risk factors. High net attractions among 

proteins may result in poor developability and aggregation3,19. An approach to 

measuring the net strength of interaction among proteins is Kirkwood-Buff integral 

(G22). G22 is a function of protein concentration and can be measured by a range of 
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experiments like small-angle neutron and x-ray scattering, analytical 

ultracentrifugation, and static light scattering1,27,28,56. 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 

G22 and B22, respectively. 
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where ὡ  is the potential mean force (PMF) between protein pairs, KB is 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 protein, ὶ ► ►  is the 

magnitude of displacement vector between center of the ith and jth proteins, Ὠὺ

ὶ ὨὶὨɱ  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 can interact mutually while B22 in equation 1.2 

depends only on two-body interactions. Indeed, two-body interactions represent the 

dilute limit when protein concentrations become low. In dilute limit, B22 is equivalent 

to G22 up to a constant (i.e., ὄ ÌÉÍ
ᴼ
Ὃ  where ὧ is protein concentration)). 

G22 can also be formulated based on the isothermal compressibility factor (ɟ in 
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equation 1.3) and fluctuations in the number of molecules in volume V in grand 

canonical ensemble (equation 1.4).  
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where ɟ is compressibility factor, ὓ  is protein molecular weight, R is gas constant, 

ộὔỚ is the average number of proteins in the system volume V, ὧ ộὔỚὠϳ  is 

protein concentrations, and ộὔỚ ộὔỚ represents the fluctuation variance of the 

total number of proteins in volume V. Equation 1.4 relates G22 to two important 

quantities 1) the fluctuation in the number of proteins in volume V and 2) isothermal 

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 expansion of the 

equation of state.  

           The compressibility factor has also been linked to the thermodynamic 

properties57. According to the virial expansion of the equation of state, the 

compressibility factor ɟ can be expanded based on the protein concentration c2. 
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The second term at the right hand of equation 1.5 contains the second osmotic virial 

coefficient (B22). Ai represents the ith virial coefficient (e.g., A3 denotes the third virial 
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coefficient, A4 the fourthé). If no interaction is assumed among proteins, all virial 

coefficients are 0, and equation 1.5 returns the equation of states for the ideal gas 

mixture. In low protein concentration and weakly interactive systems, the equation of 

state can be truncated by the second term (i.e., ɟ ρ ὄ ὧ). In this case, with a 

good approximation, PSI can be quantified by the second osmotic virial coefficient. 

Increasing either protein concentrations or the strength of interactions makes the role 

of higher-order virial coefficient (Ai) important. The virial coefficients in equation 1.5 

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

and given by equation1.6-1.8. 
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where V denotes the volume of integration, Ὢ is the Mayer function between the ith 

and jth protein and defines as Ὢ Ὡ ρ and ὡ  is the potential mean force 

between the ith and jth protein. Equations 1.6-1.8 show that the virial coefficients are a 

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.   
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Figure 1.2:   Schematic representation of multibody interactions for second (B22), third                                                                

(A3), and fourth (A4) virial coefficient. fij is the Mayer function between 

ith and jth MAb. 

1.4 Factors Influencing Protein Self-Interactions  

Based on the definition of protein Kirkwood-Buff integral (equation 1.1) or 

equation of state (equations 1.2 and 1.6-1.8) PSI is a function of three important 

quantities 1) protein concentration (c2), 2) temperature (T), and 3) potential of mean 

force (PMF) between two proteins (W22).  

As discussed in section 1.3, increasing protein concentration (c2) dictates 

simultaneously multibody interactions among proteins. Higher multibody interaction 

can shorten the average center-to-center distance among proteins and impose higher 

net interactions in a crowded environment. This potentially affects colloidal protein 
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stability and protein self-association and accelerates aggregation rate, particularly 

when PSI is attractive.  

The 3D structures of proteins and temperature structure of protein or protein 

conformations is sensitive to stress factors like, pH, protein concentrations, and 

temperature18,31,36,40,58-59. Partially unfolded of native proteins refers to both native and 

non-native aggregation pathways9. Experiments like differential scanning calorimetry 

and circular dichroism have shown the influence of temperature on thermal and 

structural stability of several proteins30,60ï62. 

The third important quantity determining PSI is the potential mean force 

(PMF) between proteins. PMF is a function of screened electrostatic interactions, non-

electrostatic short-range 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 

proteins14,51,63ï67. Hydrophobicity distribution of amino acid can also dictate strong 

non-electrostatic attraction between protein and trigger biophysical risk factors66,68ï71. 

However, steric interactions or excluded volume effects among the same class of 

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 reported B22,ST~ 10 

mL/g (B22 for steric only interactions) for different MAbs2,49. 

Formulation conditions like pH and ionic strength can impact PSI by 

influencing electrostatic interactions. The pH of the solution modulates protonated and 
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deprotonated state of amphoteric amino acids like Asp, Glu, Arg, Lys, and His based 

on corresponding pKa values. 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 denoted as 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 protein-self interaction. At the isoelectric point (pH) in which the 

net charge of the protein is zero or in moderate condition, pH may induce different 

positive and negative charge patches on the surface of a protein.  Physically, pH can 

modulate multipole charge distribution (like, monopole, dipole, é) on the surface of 

proteins, which can lead to strong pairwise electrostatic interactions between specific 

charge patches.  

 

 



 

 

 

 

13 

 

Figure 1.3: Surface charge distribution for IgG1 (PDB ID: 1IGT) 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 of [-5 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.  

Ionic strength plays a significant role in electrostatic interactions and protein 

stability. Ions can bind to and aggregate around opposite charge atoms on 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 stability18. Although 

electrostatic interactions are considered long-range 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 becomes so small at 

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 short-range interaction. However, in low ionic strength, the electrostatic 

interactions are long-ranged (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 phase separation 

and aggregation. Figure 1.4 summarizes factors that influence protein-protein 

interactions.  

In addition to salts like NaCl which modulate the ionic strength, formulation 

conditions usually contain coexcipients like Sugars, polymers, and alcohol to stabilize 

the protein native state and improve protein colloidal stability16,72.  

 

 

               

Figure 1.4: Schematic representation of factors influencing protein self-interactions  
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1.5 Coarse-Grained Modeling of Monoclonal Antibodies 

Coarse-grained (CG) molecular simulation is a popular method for studying 

properties like protein self-interaction, folding, viscosity, phase separation, and 

molecular packing in different protein concentrations 19,37ï48. Generally, a group of 

atoms lumps into a single bead in CG modeling. The choice of selecting ólumped 

atomsô depends on the level of physics and chemistry aimed to be achieved. The 

common strategy for grouping atoms aims at the molecular scales that have the 

minimum effect on predicting the quantity of interest and include the essential 

interactions for protein in a solution. The essential interactions include steric 

repulsion, screened electrostatic attraction, and repulsion and non-electrostatic short-

range interactions in terms of PSI. The idea of CG modeling facilitates studying large 

proteins like antibodies that contain ~104 non-hydrogen atoms. In the presence of 

explicit solvent molecules, simulating large proteins is quite expensive in a reasonable 

time and length scale. In addition to coarse-graining, the solvent is 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 solvent-solvent, solvent-salt and protein-solvent interactions are 

required.  

As discussed above, the level of coarse-graining 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 behavior of proteins in solutions73ï

75. Different levels of attractions and repulsions are embedded into spherical models 

with introducing the idea of ñcharge patchesò on the surface of proteins76,77. This 

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) for MAbs78.                

Compared to the latter, more complexity is achieved by dedicating beads for each 

MAb domain (e.g., VL, CL, VH, CH1, CH2, CH3)4. 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 coarse-graining 

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 

central carbon, and one for the amide group79. A 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-per-amino-acid) and used for studying the self-assembly of a polypeptide 

and the transition between helix and coil configurations79. 4bAA was also used to 

predict B22,ST for various proteins with different shapes and sizes, including MAbs. 

Each amino acid can be simplified more and represented by a single bead (1bAA, one-

bead-per-amino-acid) if protein remains native and fully folded and no interest in 

intraprotein interactions involves in the prediction. This model was used for predicting 

B22 for several MAbs in different solution conditions2,3. Figure 1.5 illustrates different 

representations of MAbs discussed in this section and used to predict PSI for a range 

of MAbs2,3. 

 



 

 

 

 

17 

  

 

 

Figure 1.5: Illustrative coarse-grained models of different resolutions of monoclonal 

antibodies78.  

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 interactions 

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 1.2-1.8 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 protein-protein interactions 

and the level of CG modeling can result in a very large and complex phase space of all 
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possible interactions. However, all not configurations contribute equally to protein-

protein interactions. For example, equations 1.2-1.6 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 

alternative approach is umbrella sampling80. 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 sampling method has been developed by Kofke and coworkers that facilitates 

calculations of cluster integrals that appear in virial coefficient81. The method is 

known as Mayer sampling and returns the value of cluster integral with respect to a 

reference state. For example, in the second osmotic virial coefficient case, the 

algorithm returns ὄ ὄ ȟϳ  instead of ὄ  by itself. Although the choice of a 

reference state is optional, steric-only interactions of simple hard spheres used by 

Kofke as reference states as the value of cluster integrals are known in many cases81. 

Equation 1.9 formalizes the Mayer sampling algorithm based on the ratio of virial 

coefficient (ɜ and reference state (ɜ ).  

 
ɜ

ɜ

ộ‎“ϳỚ

ộ‎ “ϳỚ
                   ρȢω 

where ɜ represents a general cluster integral (virial coefficient), ɜ  denotes the 

cluster integral corresponding to a reference, ‎ is the integrand of cluster integral 

corresponding to ɜ , and ‎  is the integrand of cluster integral of reference related to 

ɜ . “ ȿ‎ȿ is the weight/probability distribution function and bracket ộȣỚ denotes 
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the ensemble average over all configurations that sampled based on “. Based on the 

definition of “ ,the value of ‎“ϳ  in the numerator is either +1 or -1 in each 

configuration, while ‎ “ϳ  is either 0 or -1. 

           The existence of “ in both numerator and denominator 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 

that when there is no overlap between proteins in the numerator, ‎  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 method called Mayer sampling 

with overlap sampling (MSOS)82 to tackle the previous problem by introducing an 

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

MSOS algorithm returns the value of ɜ with respect to ɜ . 

 
ɜ

ɜ

ộ‎“ϳỚ ộ‎ “ϳỚϳ

ộ‎ “ϳ Ớ ộ‎ “ϳ Ớ
                   ρȢρπ 

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.             

 

‎
ȿ‎ȿ‎

‌‎ ȿ‎ȿ
                   ρȢρρ 

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

case ‌ π, ‎ ‎  and equation 1.10 become equivalent to equation 1.9.  

            Unlike MS algorithm that both numerator and denominator are updated by 

only one simulation, equation 1.10 indicates that the MSOS algorithm needs two 



 

 

 

 

20 

different simulations/sampling (“ and “ ) to return ɜɜϳ . However, the choice of 

steric interactions as reference states can simplify equation 1.10 such that MSOS 

requires only one simulation to return the value of ɜɜϳ . To do so, the denominator 

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

 
ộ‎ “ϳ Ớ

ộ‎ “ϳ Ớ

ộ‎ ȿ‎ ȿϳ Ớ

ộ‎ ‌‎ ȿ‎ȿϳ Ớ

В ρ

В ρȾ‌ ρ

‌ ρ                   ρȢρς 

where N is the number of total sampled configurations and “ ȿ‎ ȿ. In case the 

references locate at the center of proteins and overlap the value “ ρ, ‎ ‎

ρ. If references are separate, “ π and the corresponding configuration becomes 

rejected. In this context, equation 1.10 can be simplified to equation 1.13 using 

equation 1.12. 

 
ɜ

ɜ
ᴼ
ɜ

ɜ

ρ

‌ ρ

ộ‎“ϳỚ

ộ‎ “ϳỚ
                   ρȢρσ 

where ɜ  denotes as the virial 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 MSOS algorithms have shown a great performance and were 

used to calculate the virial coefficients of different systems, particularly protein-self 

interactions which is the subject of this dissertation4,81ï85.   

1.7 Scattering as a Measure of Protein Self-Interactions 

Protein-protein interactions can be quantified through different scattering 

techniques like small-angle neutron (SANS) and x-ray scattering (SAXS)27ï33 , and 
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light scattering. SANS and SAXS measure structure factor as a function of scattering 

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 pairs and G22. 

 

Ὓή ρ ὧ
ÓÉÎήὶ

ήὶ
Ὡ ȟ ρτ“ὶὨὶ                   ρȢρτ 

where ὧ is protein concentration, and  ή is scattering wave vector. Structure factor in 

zero ή limit (i.e., ήᴼπ can return protein Kirkwood-buff integral G22. 

   

 ÌÉÍ
ᴼ
Ὓή ρ ὧ ÌÉÍ

ᴼ

ÓÉÎήὶ

ήὶ
Ὡ ȟ ρτ“ὶὨὶ

ρ ὧὋ                    ρȢρυ 

Although both SANS and SAXS can provide information about protein self-

interactions, they required expensive and complex experimental instrumentations. 

Additionally, scattered signals near zero q limit can overlap with the signal of beam 

source and make it quite challenging and inefficient to measure Ὃ  values in different 

protein-solution conditions.  

Compared to SANS and SAXS, light scattering (LS) is more accessible. 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 based on the 

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 which is not 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 wavelength is larger than the 

size of proteins (D) (i.e., typically D>‗Ⱦρπ). 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 1.6a shows a schematic 

representation of Rayleigh scattering. 

 

 

Figure 1.6: Schematic representation of Rayleigh scattering. a) The light is scattered 

symmetrically with respect to the direction of the incident light. b) 

Detector records the photon intensity as function of time at — ωπЈ. I 
and I0 represent the intensity of scattered and incident light. The blue and 

red curves are illustrative examples of fluctuation in intensity at different 

starting time t1 and t2 respectively. 
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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 photons at — ωπЈ (the 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 times t1 and t2, with different patterns but the 

same average intensity (denoted by red dash 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 instruments are designed to measure the scatter light at — ωπЈ. In 

this case, (Ὑ ) denotes the excess Rayleigh at — ωπЈ and is given by equation 1.16.   

 

Ὑ
Ὅ Ὅ

Ὅ
 
ὲ

ὲ
Ὑ ȟ                 ρȢρφ 

where Ὅ is the intensity of the sample (Ὅ), buffer (Ὅ), and reference (Ὅ), n is the 

refractive index of the sample (ὲ) and reference (ὲ) and Ὑȟ  is the Rayleigh ratio of 

reference at — ωπЈ. As toluene is known as a strong scatter of light, it is usually used 

to calibrate the instrument. Ὑ  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 (Ὃ ). 

 
Ὑ

ὑ
ὓ ȟ ὧ ὓ Ὃ ὧ                 ρȢρχ 

where ὓ ȟ  is apparent molecular weight, ὧ is protein concentration and ὓ  is the 

true molecular weight of protein. ὑ ὨὲὨὧϳ  τ“ὲ ὔ ‗ϳ  is optical constant, 

ὨὲὨὧϳ  is the slope of refractive as a function of protein concentration (ὧ), ὔ is 

Avogadro number and ‗ is the wavelength of incident light. The values of ὓ ȟ  and 

Ὃ  can be obtained through a nonlinear regression of Ὑ ὑϳ  versus protein 

concentration. In dilute limit, the second osmotic virial coefficient (ὄ ) can be 

estimated by Ὃ  up to a constant (i.e., Ὃ ᴼ ςὄ ). 

            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 calculate an 

autocorrelation function. The autocorrelation function decays exponentially for 

monodisperse particles. The rate of decay depends on the diffusion behavior of 

proteins85.  

 

Ὣ †
ộὍὸὍὸ †Ớ

ộὍὸỚ
ρ ‍ Ὡ                 ρȢρψ 

where † is the delay time, Ὣ † is the normalized autocorrelation function, Ὅὸ is the 

intensity at time ὸ,  bracket represents the time average, ‍ is a coherent factor that 

depends on detector area, optical alignment, and scattering properties of proteins. ή

τ“ὲ‗ϳ ÓÉÎ—ςϳ  is the scattering wave vector, — is scattering angle, n is the 

refractive index of the solution, and Ὀ is the collective translational diffusion 

coefficient. 
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            Physically, Ὀ represents the equilibrium mean square displacement of proteins 

related to the hydrodynamic radius of proteins via the Stokes-Einstein-Sutherland 

equation. In dilute limit, Ὀ can be represented by equation 1.16. 

 

Ὀ
ὑὝ

φ“–Ὑ
                ρȢρω 

where – is solvent viscosity, and Ὑ  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 correspond to a higher 

hydrodynamic radius. Ὀ can be further related to protein-protein interactions via 

protein diffusion interaction parameter (Ὧ ). Ὀ is a concentration-dependent 

parameter that can be expanded by equation 1.20.  

    

Ὀ Ὀ ρ Ὧὧ Ễ                 ρȢςπ 

where Ὀ denoted as tracer diffusion coefficient when ὧᴼπ. Equation 1.20 shows, 

in dilute limit, Ὧ  can be obtained via linear regression of Ὀ versus protein 

concentration (ὧ). Ὧ  parameter is known as a surrogate of ὄ  as in dilute limit they 

can be correlated by equation 1.21. 

 

Ὧ ‌ὄ Ὤ                ρȢςρ 

where Ὤ is a constant and corresponds to hydrodynamic factors in dilute limit. ‌ in 

equation 1.21 is also a constant that depends on net protein self-interactions strength. 

In a previous report, SLS and DLS have shown that the value of ‌ is close to 2 when 

PSI is net repulsive. In the case of net attraction among proteins ‌ ~159. Figure 1.7 

shows the correlation of normalized Ὧvalues (denoted as ὯȾὄ ȟ  vs ὄ values 
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(ὄ Ⱦὄ ȟ  for a small protein (aCgn) and two different MAbs at various 

formulation conditions. The value of ὄ ȟ  corresponds to steric only interactions 

between two proteins. 

 

 

 

Figure 1.7: Normalized Ὧvalues (denoted as ὯȾὄ ȟ  vs ὄ values (ὄ Ⱦὄ ȟ  

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 comparison between two 

proteins59.  

1.8 Organization of Dissertation  

The overall objective of this dissertation is predicting and controlling protein 

self-interactions using both coarse-grained modeling and experiment.   

In the second chapter, a suite of low to high resolution coarse-grained (CG) 

models was used to predict B22 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 compared against experimental results which have been 

previously reported. A new CG model called 1bC/D (one-bead-per-charge-cite-and-

domain) was also introduced to capture specific electrostatic interactions with 

improved accuracy of PSI prediction when compared to the previously published 

models. CG models were then compared against each other based on predicting B22 

values against the experiment. This led to a guide for selecting CG models that 

optimizes computational burdensome and accuracy.  

In the third chapter, the 1bC/D model was used to rank the contribution of each 

charged residue to protein self-interaction of a very poor soluble MAb through 

mutations. Experimental data in the previous report has shown extremely negative B22 

values from low to medium ionic strength for the wild-type (WT) protein. Charge-

swap and charge-to-neutral mutations were performed for each charge residue in WT 

protein to predict B22 values after each mutation. Each charged residue was then 

ranked based on the improvement in B22 values compared to WT protein. Twelve 

variants that exhibited the greatest enhancement in B22, were selected and made 

experimentally, and B22 and kD values were measured using both static and dynamic 

light scattering. The 1bC/D model showed quantitative/semi-quantitative B22 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 fourth chapter, a new computational approach was introduced to predict 

B22 values of three MAbs at pH 5.5 and 7.0 as a function of ionic strength. The major 
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problem targeted was estimating electrostatic interactions at a condition where the pKa 

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-

Hasselbalch 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 B22 values compared to experiment for the measures range of ionic 

strength. 
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TOWARD A SUITE OF COARSE-GRAINED MODELS FOR MOLECULAR 

SIMULATION OF MONOCLONAL ANTIBODIES AND THERAPEUTIC 

PROTEINS1 

 

2.1 Introduction  

As described in Chapter 1, biophysical challenges such as poor solubility, high 

viscosity, and irreversible aggregation can negatively impact the developability of a 

therapeutic protein candidate during the drug discovery, purification, and formulation 

stages.8-10,86ï89 These challenges are typically assessed by a range of experimental 

assays including scattering techniques (i.e., small-angle neutron and X-ray scattering 

and light scattering) as discussed in chapter 1 section 1.7. The experiments 

characterize physical and chemical properties, as well as responses to environmental 

conditions such as thermal and chemical stresses. This process is often time-

consuming and can require prohibitive amounts of protein material, which has 

prompted the development of computational tools to predict these phenomena. Among 

these computational tools, coarse-grained (CG) molecular simulations are increasingly 

used to investigate self-association, folding, phase separation, solution viscosity, and 

molecular packing in the context of low- to high-concentration protein environments 

 

 
1 This chapter is based on a publication by Hassan Shahfar, James K Forder and 

Christopher J Roberts (J. Phys. Chem. B 2021, 125, 14, 3574ï3588). Hassan Shahfar 

performed model development, data analysis and write-up. James K Forder 

contributed to data analysis and write-up. Christopher J Roberts was the corresponding 

coauthor and offered advise throughout the project and revised the manuscript2.  

Chapter 2 
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(cf., chapter 1 section 1.5) 39,40,42ï44,90ï94. Protein-protein self-interactions are 

highlighted in this chapter, as net self-interactions are readily measured 

experimentally3,4,8,19,95ï96,99ï108 and can be quantified through molecular 

simulation.3,4,42,91,88,95ï98,110. More details are provided in Chapter 1 sections 1.3 and 

1.5 and 1.6.  

Protein-protein self-interactions are quantified in this chapter via osmotic virial 

coefficients3,4 and are a function of steric repulsions, electrostatic repulsions, and 

attractions, and short-ranged non-electrostatic attractions (e.g., van der Waals forces, 

hydrophobic and hydration effects) between protein molecules (See Chapter 1 section 

1.4).88,111 While experimental measures of self-interactions are related to several 

problematic behaviors in therapeutic protein formulations, they do not necessarily 

quantitatively predict these behaviors.8,19,112ï114 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 electrostatic interactions), co-solute concentrations (e.g., as 

it relates to ion binding), hydrophobicity, amino acid sequence and/or folded structure 

(location and identity of amino acids).88,97,115,116 

Chapter 1 section 1.7 describes how self-interactions of therapeutic proteins 

can be characterized experimentally by static light scattering (SLS), dynamic light 

scattering, small-angle neutron scattering, x-ray scattering.3,4,44,47,91,108,109,117 As 

described in Section 1.3, the second osmotic virial coefficient, B22, can be used to 

quantify net self-interactions at low protein concentrations and is defined formally as:  

 

ὄ
ρ
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where ὡ ►ȟ  is the potential of mean force (i.e., including solvent-

averaged interactions) between two proteins as a function of their center-to-center 

distance (r), and relative orientations (ɋ), in the limit of protein concentrationὧ  

approaching zero.118 A value of B22 above (below) zero denotes net repulsions 

(attractions). The concentration-dependent analog of B22 is the Kirkwood-Buff 

protein-protein integral, G22, which can also be used at higher concentrations (i.e., for 

multi-body protein self-interactions) and is related to B22 at low concentrations via 

ὄ ÌÉÍ
ᴼ
Ὃ .118 More 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 multi-body interactions can influence self-interactions. In 

this case, self-interactions can be quantified by using higher-order terms in the virial 

expansion, shown in eq 2.2. In eq 2.2, ɩ  is the solution osmotic pressure, Mw is 

protein molecular weight, R is the gas constant and T is the absolute temperature. Ai 

denotes the ith virial coefficient and represents the net self-interactions between i 

protein molecules in solution (A2 = B22).4,86,119  

 
ɩὓ

ὙὝ
ὧ ὄ ὧ ὃὧ ὃὧ ὃὧ Ễ ςȢς 

In principle, molecular simulations of protein solutions would use all-atom 

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 conditions.4,54,118,120 As 

described in section 1.5, coarse-graining or ñlumpingò atoms can improve the 

computational efficiency of molecular simulations by reducing the number of 
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interaction sites or ñbeadsò, allowing for larger length and time scales to be 

practicable. Rational coarse-graining strategies typically prioritize simplifying the 

molecular-scale details that have the least impact on quantitative accuracy and provide 

the most computational gain, focused on a particular experimental property or 

properties that are 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 

repulsions and attractions, and short-ranged non-electrostatic attractions. Additional 

features might also include contributions from explicit co-solutes121ï125, local 

hydration layers126ï129, and amphiphilic molecules such as lipids and surfactants.84,130ï

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, united-atom chemical 

moieties, amino acids, or domains). Protein structure can come from homology 

modeling or experimental x-ray crystallography, NMR spectroscopy, or electron 

microscopy.134 

Hydrogens bonded to aliphatic carbons, as well as non-hydrogen-bonding 

heteroatoms are typically the first to be coarse-grained to create united-atom models in 

conventional atomistic force fields.93,136ï141 As proteins are chemically heterogeneous 

molecules with often complex or spatially specific interactions, high-resolution 

models are needed for simulations that require site-level 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 residues.93,142ï143 To capture such features in 

atomistic 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 Section 1.5).126,142,144 For 

instance, it has been estimated that 20+ water molecules per protein non-hydrogen 

atom were required for accurate simulations of a model protein with ~103 non-

hydrogen atoms.144 MAbs and other larger proteins have ~104 or more non-hydrogen 

atoms, meaning ~105 solvent molecules 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 on protein-protein interactions starting with two 

protein molecules and then moving to higher protein concentrations (See Chapter 1 

Section 1.3).4,93,118,145   

It was noted in Chapter 1 Section 1.5 that it is attractive from a practical 

perspective to abstract explicit details to an implicit, continuum solvent as the next 

step in coarse-graining. The solvent model can also be partially implicit such that 

some co-solutes remain explicit.121ï125 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 present.25,84,143,146 When one considers larger proteins, 

and interactions between two or more proteins, even a united-atom representation with 

implicit solvent may not be computationally efficient and further coarse-graining to 

simplify amino acid descriptions 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 acid.93,97,98,148 If one does not need to account for flexibility of the 
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backbone for intra-protein 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 acid).93,97,98,148,74 Interaction potentials for CG models can be parameterized 

empirically from general databases or protein-specific experimental data or be derived 

from higher-resolution models.93,145,149 Notably, the charged atom(s) in ionizable 

amino acid residues or groups of 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 charge-charge distances due to possibly unphysical location and size of 

charged sites.4,93,150 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 resolution is 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 domains.19,37,38ï44 These models can be 

used to quickly provide insight into behaviors that do not require a representation of 

interactions between explicit amino acid residues, such as so-called ñcolloidalò self-

interactions that are characterized by relatively uniform charge distributions and net 

electrostatic repulsions at low total ionic strength (TIS).96,98 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 electrostatic interactions dominate self-

interactions. In that case, a ñhybridò model is used where some of the protein mass 

(i.e., amino acid positions) can be coarse-grained so that high-resolution 
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representations of only the key amino acids (e.g., those that are charged) are 

considered computationally.90,151ï154 

This chapter focuses on MAbs, which are Y-shaped proteins composed of 12 

domains. Four variable domains, two at each tip of the ñYò, have complementary 

defining regions (CDRs) that vary between distinct MAbs within a given MAb 

subclass and bind to a specific epitope.155 Variations in the sequences of CDRs are a 

primary source of the broad and difficult to predict the range of biophysical properties 

for MAbs.89 The large majority of the amino acid sequence besides these CDR regions 

is conserved within a given MAb subclass. CG models have been developed for MAbs 

with 3, 6, or 12 beads to represent the domains as described in Chapter 1 Section 

1.5.25,39ï47,88 Some models have additional bead(s) for the hinge region39,42,45 or for 

each CDR.45 

Figure 2.1 schematically illustrates a series of representative coarse-grained 

models for MAbs (four of which were introduced in Chapter 1 Section 1.5), with 

different levels of coarse-graining, and compared (roughly at scale) to an all-atom 

representation. Each of the CG models in Fig. 2.1 was used in this Chapter to predict a 

range of low-concentration net self-interactions compared to published experimental 

measurements (e.g., B22 values) as a function of pH and ionic strength for a range of 

MAbs. The full sets of experimental data are shown in Appendix A. The HEXA (6 

beads) and DODECA (12 beads) models are from prior work88,84 and aim to 

approximate MAb excluded volume and broad charge anisotropy while maintaining 

computational efficiency. The one-bead-per-amino-acid (1bAA) model (~1300 beads 

for a typical MAb) was also developed in prior work97,98, 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., ~102ï103 proteins in the same 

simulation) is computationally impractical using the 1bAA model.4,84 An intermediate 

model is also introduced here, termed one-bead-per-charged-site-and-per-domain 

(1bC/D).  It uses domain-level resolution for steric repulsions and short-ranged non-

electrostatic attractions, and close to atomic-level detail for electrostatic interactions. 

The 1bC/D model contains much fewer CG sites relative to higher resolution models 

such as 1bAA, with typically ~ 5-10 fold reduction depending on the number of 

charged sites in the MAb sequence.  This allows for more efficient simulations and 

access to high-concentration conditions for protein systems that are strongly 

influenced by electrostatic interactions. While these models were applied to MAbs in 

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

 

 
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) charges. Linkers 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 Calero-Rubio et al83. 
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 This Chapter assesses a series of related CG models at different levels of 

coarse-graining for molecular simulation of MAbs using low-concentration self-

interactions as the main test cases. The models were characterized based on their 

quantitative accuracy, relative speed on the same processor, and scalability for future 

use in multi-body simulations for higher protein concentrations. Prior work has 

compared some of these models to experimental self-interaction parameters 

(specifically B22) 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: MAb 14,84, MAb 24, 

MAb A3,51, MAb B3,51 and MAb C3,51. The experimental net self-interactions varied 

from strongly repulsive to strongly attractive over the solution conditions and MAb 

identities. The model comparisons provide data to inform a general approach to 

representing the fundamental interactions needed for CG models of therapeutic 

proteins (i.e., steric, electrostatic, and short-ranged non-electrostatic interactions) 

based on available computational resources and the simulated quantity of interest. 

Additionally, the intermediate model 1bC/D is introduced in this Chapter as an 

appealing option for systems that require site-level resolution for electrostatics but 

suffer from a high computational burden, especially at higher concentrations. Overall, 

this Chapter provides systematic model comparisons that can be 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 protein-protein self-interactions that 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 used to calculate B22 or higher order 

virial coefficients (i.e., Ai=3,4,5) 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 towards configurations 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 by Ὢ Ὡ ȟ Ⱦ ρ) (cf., Chapter 1 Section 1.3). 

MSOS is a free-energy 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 the ith virial coefficient from steric-only behavior of the given CG 

model, termed B22,ST or Ai,ST (i > 2) for higher order virial coefficients which were 

described in Chapter 1, Section 1.3.81,84,156,157 Therefore, B22/B22,ST or Ai/A i,ST values 

above (below) 1 indicate net repulsive (attractive) protein-protein self-interactions 

with respect to steric-only behavior.  

To compare experimental and simulated B22 values across different models, 

experimental data were normalized by B22,ST as calculated for each MAb in prior 

work.3,4,84 MSOS simulations were performed in an infinite volume at 25 °C with the 

number of CG MAb molecules that correspond to a given virial coefficient (e.g., two 

molecules for B22, three molecules for A3, etc.). One MAb molecule is stationary at 

the origin while each new configuration is created by moving a different MAb 

molecule(s) relative to that origin. Each molecule is treated as a rigid 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 translational 

displacement and rotation angle so that the acceptance ratio was roughly 50% for the 

remainder of the simulation.83,98 For the HEXA and DODECA models, ~107 MC 

configurations were generated for B22 simulations. For higher resolution models, the 

number of MC configurations for B22 simulations ranged from ~106 for net-repulsive 

systems to upwards of ~107
 for some net attractive conditions, as more configurations 

were needed to converge B22 in conditions that yielded more strongly net protein-

protein attractions.3 For higher-order virial coefficients, ~107-108 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 the 1bC/D model for high concentration conditions to compare with 

recent results.4 Additionally, second and higher order steric virial coefficients (e.g., 

B22,ST and Ai,ST) were calculated for each model, including all-atom, to provide 

reference states and consider differences in packing in future work that will compare 

against high-concentration experimental results. For calculating the steric-only virial 

coefficients with the different levels of structural resolution, the reference state in 

MSOS was chosen to be a single hard sphere with a diameter of 6 nm, thus each 

simulation returns Ai,ST/A i,HS. Ai,HS is the virial coefficient for a system of i hard 

spheres which has been solved analytically.158 All -atom simulations were performed 

with the Cornell et al. model with implicit solvent and 107 configurations were 
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generated.159 Approximately 50 percent of the atoms in a MAb have no solvent 

accessible surface area (SASA) and were excluded from the all-atom simulations as 

they do not contribute to excluded volume effects between MAbs. For the fourth and 

fifth virial coefficients calculated for the all-atom model, atoms with SASA values 

below 5 Å2 were removed, reducing the total number of atoms from ~5000 to ~3000. 

Based on results for B22,ST in Appendix A (cf. 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, simulations were run on a single thread 

using an Intel Xeon E5-2680 v3 processor. 

2.2.2 Coarse-grained 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 of pairwise inter-protein 

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 parameter values for the latter. 

Steric interactions are modeled by a hard-sphere potential for all beads, shown in eq 

2.3, where ό ὶ  is the steric potential between beads i and j, ὶ is the center-to-

center distance between them, and „  is the average diameter of the pair of beads, i.e., 

„ „ „Ⱦς where si and sj are the diameters of beads i and j, 

respectively.106,113 
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            Electrostatic interactions are modeled with a modified screened-Coulomb 

potential via 

ό ὶ

ὯὝ
zẗ‪ή ẗ‪ή  

Ὡ

ὶ ρ
ρ
ς‖„

 ςȢτ 

 

where ό ὶ  is the effective electrostatic potential between beads i and j, ή is the 

valence assigned to bead i, and ‖  is the Debye screening length based on the TIS of 

the solution. z is the Bjerrum length, τ“‭‭ὯὝ , where ‭ is relative permittivity, 

‭ is vacuum permittivity, T is absolute temperature, and Ὧ is Boltzmannôs constant. 

The underlying mean-field theory for this potential is most appropriate above very low 

ionic strength.160,161 In 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 

MAb. The net charge or valence assigned to bead i (denoted qi) is scaled by an 

adjustable parameter ‪ to better 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, ‪ή is the effective charge in solution and y  
ȟ

 
.3 For 

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 single ‪ parameter 

was used in each model, although the numerical values of ‪ were different for a given 

model.84,96 The terms valence and charge are used interchangeably in the remainder of 

this report.  

ό ὶ
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For the HEXA and DODECA models, domain charges (ή) are shown in 

Appendix A (see Tables A1 and A2), and were calculated by applying the Henderson-

Hasselbalch equation with nominal pKa values to the amino acids combined or 

ñlumpedò into a given bead (domain).83 The use of nominal pKa values can impact the 

‪ parameter as pKa values of residues are known to be influenced by interactions with 

other residues in the protein, therefore valences assigned to residues may be only 

approximate, leading to deviations from the effective charge in solution if the local 

chemical environment leads to shifted pKa values.116,162 For pH values in this Chapter 

(pH 5, 6.5, and 8), all 1bC/D or 1bAA beads representing aspartic and glutamic acid 

residues were treated as having -1 valence, those for lysine and arginine have +1 

valence, and histidine have +1 valence at pH 5 or no net charge at pH 6.5 and 8.35 

The interaction potential for short-ranged non-electrostatic attractions such as 

those due to a combination of van der Waals and hydrophobic interactions is different 

for the domain-level models (HEXA, DODECA, and 1bC/D) and the 1bAA model. 

For the domain-level models, the interaction potential, ό ὶ  between bead i on a 

given protein and bead j on its neighboring protein, is shown in eq 2.5, where n=10 for 

HEXA and n=6 for DODECA and 1bC/D, chosen so that the effective range of decay 

of attractive interactions is approximately 1 nm.84 ‐  is an adjustable parameter that 

represents the maximum strength (well depth) of short-ranged non-electrostatic 

attractions and c normalizes the potential such that the minimum energy is -‐  in 

units of ὯὝ.4,83,84 
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            Short-ranged non-electrostatic attractions for 1bAA are modeled as a 

continuous piecewise function98,79 

ό ὶ  

ừ
ỬỬ
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        Њ                                                                          ὶ „
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                                     ὶ ὶ

ςȢφ 

where ὶ ςȾ„  and ‐ is the geometric mean of the relative hydrophobic values of 

the two interacting amino acids, ‐‐.3,98,79 At ὶ ὶ, short-ranged non-electrostatic 

interactions transition from being purely repulsive to attractive. Repulsive interactions 

are not specific to the interacting amino acids while attractive interactions depend on 

‐‐. Relative hydrophobicity values (ei) are normalized such that the scale is from 0 

to 1, where the most hydrophobic residue (leucine) has ‐ ρ. The scale was 

derived by Bereau and Deserno based on analysis of crystallized protein residue-

residue contacts based on the work of Miyazawa and Jernigan.79,163 

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

where each amino acid has its own diameter („), relative hydrophobicity (‐), and 

charge (ή).3,79,98 Amino acid locations were determined from homology models or 

other sources of PDB files for each MAb. Bead diameters (si) for the ith residue are 

based on the amino acid chemical identity, were determined previously, and are listed 

in Appendix A (see Table A3).98,164 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 bead is comprised 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 Fv domains (each VL + VH), and one for each C1 domain (each CL + 

CH1), along with one bead for the C2 domain (combined CH2 from each heavy chain) 

and one for C3 (combined CH3 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 distances were chosen to resemble existing crystal structures (IGGY, 1IGT, and 

from Padlan et al.) and are treated as constant regardless of MAb identity.83,84,165,166 

Bead diameters („  are 3.5 nm for each DODECA domain and 4.4 nm for each 

HEXA domain, and were chosen to match B22,ST of a model MAb as calculated by all-

atom MSOS simulations.83,165  

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 

beads 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 model or x-ray 

structure) rather than using a single set of locations across all candidate MAbs that 

was the 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 the average 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 domain-level 

beads in the 1bC/D model account for steric and short-ranged non-electrostatic 

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 MAb-specific and was chosen to match B22,ST of an all-atom model of the 

given MAb, as described in Appendix A (see Figure A5). For the 1bC/D model, 

electrostatic interactions were modeled such that charged beads were placed at the 

location of each charged (united) atom. Bead diameters for charged sites were the sum 

of those from the Cornell et al. all-atom model („ȟ  with an added width of a putative 

hydration layer (ῳ .159 The value of ῳ  is the same for all charged sites in a given 

simulation. The net diameter of a given charged bead was „ȟ ῳ . In this Chapter, 

the range of ῳ  was 0 to 3 Å, where 3 Å 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 excluding very 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 shown for ῳ  of 3 Å, although the 

qualitative and semi-quantitative conclusions hold for other values of ῳ . Bead 

diameters („ȟ  for each charged site are shown in Appendix A (see Table A5). 

2.2.3 Average Relative Deviation Error Calculations 

Model predictions of B22/B22,ST are compared to experimental values using 

average relative deviation (ARD) values defined as follows, 
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where ɖ is the number of data points and xi is the ith experimental or predicted value 

from a given data set.84,96 The experimental data can be found in Appendix A. For the 

purposes of this Chapter, any differences between calculated (predicted) B22 values 

and the corresponding Kirkwood-Buff integral (G22) values were neglected. That is 

only expected to be quantitatively significant for the experimental values for B22 for 

MAb C and does not affect the conclusions below.1 ARD 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 large in magnitude 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 be -0.06 +/- 0.05. A quantitatively accurate predicted 

B22/B22,ST on the order of -0.1 (within experimental error) yields a 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 short-ranged non-electrostatic and electrostatic interaction potentials each 

have an adjustable parameter that must be specified: ‐ , the maximum strength (or 

well depth) of short-ranged non-electrostatic interactions for a given site/domain; ‪, 

an adjustment factor for the effective charge relative to the theoretical charge in 

solution for a given site/domain (see Section 2.2.2). For the HEXA and DODECA 
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models, ARD values were calculated from MSOS simulations of B22/B22,ST vs. TIS for 

a range of ‐  and ‪ values. This generated surface plots (e.g., Figure A4 in Appendix 

A) where the optimal 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 

with ‪ π to the corresponding experimental value of B22/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 experimental B22/B22,ST vs. TIS profile. 

2.2.5 Results and Discussion 

2.2.5.1 Models Comparison 

Illustrative experimental B22 values as a function of TIS are shown in Figure 

2.2 for selected cases that show qualitatively different behavior. In Case (i), values of 

B22/B22,ST are large and positive at low TIS, and decline monotonically with increasing 

ionic strength until a plateau near zero B22/B22,ST at high TIS values. In Case (ii), 

values of B22/B22,ST are positive or near zero at very low TIS, then decrease and 

become negative at intermediate TIS, and increase monotonically with increasing 

ionic strength until a plateau near zero B22/B22,ST at high TIS values. In Case (iii), 

values of B22/B22,ST are large and negative at low TIS, and increase monotonically 

with increasing ionic strength until a plateau near zero B22/B22,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 A1).    
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Figure 2.2:  Experimental B22/B22,ST values 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), (ii), 

and (iii), respectively.3,4 

 

Case (i) is an example of classic colloid-like behavior that would be expected 

for proteins with high net surface charge leading to self-interactions that are more 

repulsive than steric-only interactions (i.e., B22/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 and B22/B22,ST values plateau at 

values close to zero. Case (ii) is expected for proteins with both 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 screening length 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 surface is such that enough charges of 

similar value are ñclusteredò spatially to create charge ñpatchesò that can lead to very 

strong attractive interactions between groups of oppositely charged amino acids, 

although Case (iii) behavior can also occur when there is significant net charge on the 

protein. For the CG models considered here and elsewhere45-47,91,83,84,98,167, the 

underlying assumptions of a screened-Coulomb implicit solvent and implicit ion 

model are questionable at very low ionic strength for typical protein concentrations for 

measuring B22 (e.g., significantly below 10 mM TIS where the mean-field 

approximation likely breaks down).160,161 The comparisons between models and 

experimental data below will focus on TIS values above approximately 10 mM.  

The interaction potentials for the CG models introduced in Section 2.2.2 

require the specification of bead diameters (sets of „ values, i denoting different bead 

types that are summarized in Appendix A, (see Table A3 and Table A6), the 

maximum strength of short-ranged interactions (‐ ), and the adjustment factor for 

effective charges (‪). Sets of „ and ‐  values will be discussed in what follows and 

optimizing ‪ will be discussed in the next section. Bead diameters appear in all the 

interaction potentials and are the key parameter(s) that influences steric interactions 

once one sets the location of each bead. B22,ST accounts for the steric or excluded 

volume contributions to B22. The HEXA and DODECA bead diameters were chosen 

as 4.4 nm and 3.5 nm respectively in prior work to match all-atom steric behavior 

(B22,ST) of a model MAb, with all six (twelve) domain beads having the same diameter 

in the HEXA (DODECA) model.83,165 A similar procedure was used to determine the 

diameter of each of the twelve domain beads in the 1bC/D model, except that the 

value of B22,ST from an atomistic model for each MAb was used to match B22,ST for the 
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1bC/D model. The value of B22,ST was 11.4 mL/g for MAb A, 9.7 mL/g for MAb B, 

12.0 mL/g for MAb C, 9.9 mL/g for MAb 1 and 10.6 mL/g for MAb 2.3,4,84 B22,ST was 

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 interactions. The domain bead diameters for the 1bC/D 

model to match with the B22,ST values from the all-atom calculations were 2.7 nm for 

MAb A, 3.15 nm for MAb B, 2.9 nm for MAb C, 3.1 nm for MAb 1, and 3.35 nm for 

MAb 2. As described in Chapter 1 Section 1.4, protein shape plays a role in excluded 

volume or steric only interactions, for example, MAb A and MAb C have larger 

values of B22,ST because the homology model structure is somewhat more extended in 

the hinge region than the homology models for the other antibodies considered here.  

          The effect of pH 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 and solution behavior to be dominated by the influence of steric 

repulsions and short-ranged non-electrostatic attractions. As steric interactions are 

already determined by the choice of bead diameters, the maximum strength of non-

electrostatic short-ranged attractions (‐ ) can be chosen by matching MSOS 

simulation results to experimental self-interaction measurements at high TIS. Figure 

2.3 shows B22/ B22,ST as a function of ‐  for the 1bAA model for each MAb under 

conditions where the electrostatic potential is not included (equivalently, with ‪ π).  
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Figure 2.3:   B22/B22,ST as a function of ‐  in the limit where electrostatic interactions 

are not included (i.e., ‪ π) for the 1bAA model for MAbs 1 (solid 

black), 2 (dashed blue), A (dotted green), B (dash-dotted yellow), and C 

(dash-double 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,ST for each MAb at TIS greater than 300 mM (independent of pH). The 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 MAb. Values 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 the molecules/pH conditions, the highest TIS values did show somewhat different 

values of B22/B22,ST, and therefore the ‐  values were not necessarily the same within 
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the available data. As HEXA has fewer beads, a higher value of ‐  is needed to 

achieve the same magnitude of B22/B22,ST at high TIS when compared to DODECA.  

 The full set of experimental B22/B22,ST values as a function of pH and TIS are 

shown in Appendix A. As noted above, the ‐  value for a given model was set to 

match the value of B22/B22,ST at the highest TIS value for a given experimental data 

set. The optimal ‪ values were selected based on minimizing the ARD between the 

simulated and experimental B22/B22,ST values 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 of how ARD depends on ‪ for each model 

with the experimental conditions in Figure 2.4A, illustrating how ‪ values were 

optimized by selecting ‪ to minimize ARD.  
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Figure 2.4:  (A) Experimental B22/B22,ST values (black symbols and curve as a guide to 

the eye) and simulated B22/B22,ST values using ‪ values that minimized 

ARD for different models for MAb 1 at pH 5: HEXA (blue curve), 

DODECA (green curve), 1bC/D (yellow curve) and 1bAA (purple 

curve); (B) ARD vs. ‪  for the experimental data in panel A for HEXA 

(blue curve), DODECA (green curve), 1bC/D (yellow curve) and 1bAA 

(purple curve), illustrating how the ‪ value for a given model was 

selected for a given experimental data set. 

 

            Figure 2.5 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 shows that 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 domain-level models (HEXA, 

DODECA). Figure 2.5B shows an example 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 (domain-level) models cannot 

even qualitatively capture the experimental behavior.   
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Figure 2.5: Comparison of experimental B22/B22,ST values (black symbols and line) 

and simulated predictions with ‪ values that minimized ARD for HEXA 

(blue), DODECA (green), 1bC/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 as -G22/2B22,ST instead of B22/B22,ST 

because some values are so large that they indicate multi-body 

interactions at the experimental protein concentrations, rather than two-

body interactions that are captured by B22 (see also, Methods).The 

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 all the experimental 

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 parameterize the CG models, 

inspection of Table 2.1 for the cases where the model(s) capture the experimental data 

suggests some starting ranges for the adjustable parameters. The ‐  values for the 

HEXA, DODECA and 1bAA models fall in a reasonably narrow range (units of ὯὝ): 

1.2-1.5, 0.55-0.7, and 0.4-0.5, respectively. For the 1bC/D model, ‐  values range 

more widely, in part because the domain bead diameter (and therefore the range of the 

short-ranged attractions) is adjusted on a case-by-case basis in the 1bC/D model to 

capture the steric-only B22 value for a given all-atom protein structure/homology 

model.   

‪ values for Case (i) with the available experimental data were 0.2-0.5, 0.3-

0.7, 0.6-1, and 0.6-0.75 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 semi-quantitatively 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 protein-protein self-interactions are 

predominantly repulsive, and therefore ñlumpingò charges into the domains does not 

cause significant attractive charge-charge interactions between oppositely charged 

amino acids to be missed in the domain-level CG potentials, compared to the higher 

resolution models. 
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Table 2.1:   Optimized values of ‐  (units of ὯὝ) and ‪ (dimensionless) for each 

MAb, pH and CG model and the resulting percent ARD values.Ŭ
  

MAb (pH)  
HEXA  DODECA 1bC/D 1bAA 

Ⱡ╢╡ ⱶ ARD  Ⱡ╢╡ ⱶ ARD Ⱡ╢╡ ⱶ ARD Ⱡ╢╡ ⱶ ARD 

Case (i) 

MAb 1 (5) 1.40 0.42 25 0.72 0.68 22 1.07 0.9 32 0.50 0.67 16 

MAb 1 (6.5) 1.40 0.80 16 0.68 1.04 14 1.1 0.80 517 0.46 0.95 280 

MAb 2 (5) 1.30 0.44 18 0.64 0.60 12 0.75 0.98 38 0.44 0.75 24 

MAb A (5) 1.24 0.29 35 0.58 0.33 38 2.46 0.66 48 0.42 0.60 75 

MAb A (8) 1.32 0.23 19 0.66 0.30 14 2.54 0.6 13 0.42 0.20 25 

Case (ii) 

MAb B (5) 1.50 2.60 31 0.70 3.35 40 0.84 1.24 6 0.45 1.05 17 

MAb B (8) 1.10 0.56 33 0.55 1.03 32 0.50 1.3 7 0.31 1.20 29 

Case (iii) 

MAb 2 (6.5) 1.30 2.90 35 0.63 3.54 38 0.82 1.58 16 0.44 1.40 39 

MAb C (5) 1.55 0.00 72 0.80 0.00 72 1.90 1.48 20 0.52 1.35 21 

MAb C (8) 1.35 2.20 8 0.73 2.33 21 1.68 1.62 19 0.52 1.65 37 

ŬARD values are calculated using the listed ‐  and ‪ 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 restricted to data above 10 mM 

TIS, the ñupturnò in the value of B22/B22,ST at low TIS for MAb B at pH 5 was not 

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 lower-resolution, domain-level 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 B22 values versus TIS that the models predicted at higher ionic strength 

than experiments showed. This is perhaps not surprising since those models ñlumpò 

positive and negative charges into single domains with net charges, and therefore the 

strength of charge-charge repulsions between the domains would 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 length-scales scale with the bead diameter. It is also because the 

charge-charge repulsions scale as the square of the domain charge for those models 

instead of the sum over the squared amino-acid/amino-acid charge pairs between 

antibody molecules.  

‪ values for Cases (ii) and (iii) with the available experimental data were 1-1.5 

for the 1bAA model. For the examples of Case (iii) behavior, it is sometimes possible 

for the lower-resolution CG models to provide a reasonable fit to the B22/B22,ST vs. TIS 

profiles, but it requires one to allow the model parameter(s) to reach extreme values 

(e.g., ‪ ~3.5 for MAb 2 at pH 6.5, DODECA). In another case (e.g., MAb C at pH 5, 

Figure 5C), there were no combinations of model parameters for the domain-level 

models that could even qualitatively reproduce the experimental results. Based on the 

results and analysis from higher resolution models such as 1bAA and 1bC/D for that 

case111, it is not surprising that domain-level models will not capture the strongly 

attractive interactions because those are due to a relatively small number of oppositely 

charged amino acids that interact strongly between neighboring proteins. In addition, 

the domains in which those amino acids are located do not carry opposite charges to 

each other. As such, ñlumpedò domain-domain interactions will give qualitatively 

different behavior than interactions with explicit charges on the surface. This is a 

common issue of CG models where amino acids are grouped or lumped, whether by 

domains, sub-domains, or other rationales for grouping amino acids.38,41,42,45-

47,83,150,168,169  

 ‪ values for the 1bC/D model are more nuanced, as they depend on the value 

of the putative hydration layer (ῳ ). The relationship between ῳ  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 of ‪ that reproduced the 

experimental trends accurately, the putative hydration layer (ῳ ) did not play a 

significant role in the optimal value of ‪, and the results in Table 1 for Case (i) are not 

sensitive to ῳ . This is reasonable, since Case (i) corresponds to net colloidally 

repulsive interactions with primarily repulsions between charged sites, and close 

contacts between charged groups are less likely.  

However, for Case (ii) and (iii) behaviors (i.e., those that are strongly 

influenced by attractive electrostatic interactions), there were narrow minima for the 

optimal values of ‪ (denoted ‪ ) and there was a direct correlation between ῳ  and 

‪ . The corresponding minimum ARD values and agreement between model and 

experimental results were similarly good for any of the ῳ  values, indicating that the 

model is still able to capture the experimental data. The ‪  value decreased with 

decreasing ῳ , as expected since the charged sites can approach more closely as ῳ  

decreases. The results in Appendix A use the values of the domain diameter („) 

optimized using ῳ  = 3 Å and ‪ = 0, and those „ values will change for different ῳ  

values since the charged sites also contribute to the net B22,ST values. Fully optimizing 

ῳ  and ‪ would therefore require a convoluted multi-parameter search of  ῳ , ‪, and 

of „, and could also be expanded to re-parameterizing the values of „ȟ 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 need to be 

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 extending the use of CG models to higher protein 

concentrations as discussed in Chapter 1 Section 1.3. This becomes a major challenge 

for higher resolution models which is currently not tenable with all-atom models for 

most proteins of interest.4,39,84,96 This will  focus on higher-order virial coefficients that 

capture multi-protein interactions. As a starting point, steric interactions are 

fundamental for any CG model, as they determine the excluded volume of the protein 

and impact packing in concentrated systems.39,83,97 Virial  coefficients for just the steric 

protein-protein interactions (A i,ST) up to the fifth  virial coefficient (i=2,3,4,5) for MAb 

B are shown in Figure 2.6 as an example for each CG model, normalized by the value 

calculated using the all-atom model (see Methods). It was noted in Section 2.2.2 that 

the structures for HEXA and DODECA are independent of MAb identity, so the 

results are general beyond MAb B. However, the bead sizes for the HEXA and 

DODECA models were not determined by the structure for MAb B, and therefore it is 

not unexpected that the B22,ST is not the same as for the all-atom model of MAb B.83,165 

The domain bead diameters in the 1bC/D model are MAb-specific and chosen to 

match B22,ST, so the results match those for all-atom.  

Generally, as one considers higher-order virial coefficients, the models deviate 

from all-atom behavior to a greater extent. The 1bC/D and DODECA models have 

similar profiles in Figure 2.6 as the models deal with steric interactions in a similar 

way, although the charged sites in the 1bC/D model also contribute to a smaller extent 

to the net steric repulsions. The 1bAA model is the most accurate from among the 

current set of CG models for reproducing the all-atom steric interactions (within ~ 

10% for all coefficients). The results illustrate the importance of considering steric 
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interactions when choosing a CG model and illustrate a procedure for determining 

how well a given CG model reproduces the steric interactions of an all-atom 

representation as one increasing protein concentration. 

 

 

 
Figure 2.6:   Illustrative steric-only virial coefficient values (Ai,ST, i = 2 to 5) for MAb 

B, normalized by the value of Ai,ST for the all-atom model (for a given 

virial coefficient, i=2,3,4,5), for HEXA (blue), DODECA (green), 1bC/D 

(yellow), and 1bAA (purple). Steric-only virial coefficients i = 2 to 5 for 

the DODECA model were reported in prior work.20 The values of A i,ST 

for i = 2 to 5 for the all-atom model were (9.46 ± 0.07) x 10-3 L/g, (5.45 ± 

0.08) x 10-5 (L/g)2, (2.06 ± 0.02) x 10-7 (L/g)3, and (6.29 ± 0.02) x 10-9 

(L/g)4, respectively. Error was calculated as the 95% confidence interval 

from three independent simulations. The terms B22,ST and A2,ST are used 

interchangeably. 

 

Considering beyond steric-only interactions, higher order virial coefficients 

were calculated using the HEXA and DODECA models to predict self-interactions 

from low to high concentration at low and intermediate ionic strength values for MAb 
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1 and 2 at pH 5 and 6.5 and shown to be tractable in prior work.6 The 1bAA model is 

overly computationally burdensome once one includes more than just steric 

interactions.83 The 1bC/D model is tractable for multi-body 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 

coefficient 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 steric-only value (i.e., from 

Figure 6). The black horizontal line at an Ai/A i,ST 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 steric-only interactions. Based on 

Figure 2.7, the second virial coefficient (black symbols and curve) is always negative, 

suggesting that in the regime of two-body interactions, MAb B experiences net 

attractive self-interactions. 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 where short-ranged non-electrostatic 

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 protein-protein self-interactions 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.4 

 

 
Figure 2.7:  Virial coefficients with respect to steric-only behavior (Ai/A i,ST) illustrated 

for MAb B at pH 5 as a function of TIS using the 1bC/D model: 

B22/B22,ST (black triangles and line), A3/A3,ST (blue circles and line), 

A4/A4,ST (green squares and line) and A5/A5,ST (yellow diamonds and 

line) coefficients. The black horizontal line represents net interactions 

equivalent to steric-only interactions for a given virial coefficient (i=2, 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 107 MSOS steps for each CG model, relative to 



 

 

 

 

63 

that for the HEXA model, as a function of the virial coefficient being calculated. The 

CPU times scale 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 the 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 were between 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 may require a different number of 

configurations to converge for a given property (e.g., virial coefficient). In the authorsô 

experience, solution conditions that result in strongly attractive net interactions (large 

and negative virial coefficient) require significantly larger numbers of configurations 

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

as steric-only interactions.81,120,156 
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Table 2.2:  Order-of-magnitude relative CPU time for calculating virial coefficients 

for each CG model, normalized by the CPU time using the HEXA 

modelb 

Virial 

coefficient 

Normalized CPU time 

DODECA 1bC/D 1bAA 

2nd 30 103 5 x 104  

3rd 20 7 x 103  2 x 105  

4th 10 7 x 103  4 x 105  

5th 30 9 x 103  5 x 105  
bThe CPU time for the HEXA model was 29, 48, 96, and 132 seconds for the second, 

third, fourth, and fifth virial coefficients, respectively, for 107 MSOS steps in this 

particular example. 

2.2.5.4 Considerations in Selecting Among Different CG Models 

Ideally, one would be able to know a priori what level of CG model is needed 

to predict or capture the MAb self-interactions qualitatively or quantitatively, but 

results in the literature4,83,96,84 and illustrated in this Chapter indicate that some 

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

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

solution conditions (e.g., pH and ionic strength, as well as the salt type4,83,84,170,171, and 

co-solute concentrations such as sucrose4,84). In principle, one should use the lowest 

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

protein-protein self-interactions, so as to minimize the computational burden. It is 

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

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

the location of individual charges. One can consider ñlumpingò charges in smaller 

groups45,150, or trying to assign charge ñpatchesò in an analogous way to assigning 

hydrophobic ñpatchesò.43,54,110,121,123,167,172 However, it is questionable whether one can 

know a priori how to assign such ñpatchesò. A hybrid approach such as the 1bC/D 
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model, which was introduced in Section 2.1, offers one approach that balances the 

advantages of domain-level models (e.g., HEXA and DODECA) with explicit amino 

acid models (e.g., 1bAA) to explicitly account for the impact of the surface charge 

distribution while lumping the steric repulsions and non-electrostatic short-ranged 

attractions. This does not account for geometrically highly specific hydrophobic or 

van der Waals ñlock and keyò configurations/interactions.111,173   

In addition, while a lower resolution model may be able to ñtuneò the model 

parameters to force the model to recapitulate the experimental values (e.g. B22) at low 

protein concentrations, the model may be (greatly) inaccurate at higher concentrations 

where multi-protein interactions become important (See Section 2.2.6).4 This is 

particularly a concern for conditions with strongly net attractive electrostatic 

interactions. One may still be able to fit or refine model parameters for such simplified 

models against the high concentration data directly41,48,174ï176, but at that point the 

models are only recapitulating the known data rather than predicting the experimental 

behavior without already having the experimental results for comparison.4  

2.2.6 Summary and Conclusions 

In this Chapter, a series of CG models for proteins that spanned from domain-

level descriptions to amino-acid-level descriptions were compared based on their 

ability to quantitatively and qualitatively capture experimental protein-protein self-

interactions at low protein concentrations as a function of solution ionic strength for 

five published monoclonal antibodies across multiple pH-buffer systems, including the 

ability to capture qualitatively different experimental profiles, relative computational 

burden, and extension to high protein-concentration conditions. Comparisons were 
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made with the emphasis on the ability of each model to accurately represent steric 

repulsions, electrostatic repulsions, and attractions, and to a lesser extent on non-

electrostatic attractions for net behavior that ranged from ñcolloid-likeò systems to the 

opposite extreme where particular oppositely charged amino acids lead to strong 

attractions. The focus was on the impact of different levels of coarse-graining for the 

distribution of charged amino acids on the protein surface, rather than the distribution 

of hydrophobic amino acids. Domain-level models predicted net repulsive and mildly 

attractive net protein-protein self-interactions with reasonable accuracy and much 

lower computational burden compared to higher resolution models but were inherently 

limited in the context of protein-solution conditions when attractive electrostatic 

interactions between oppositely charged amino acid residues dominated. In the latter 

case, explicit sites are needed for each charged amino acid or charged ñsitesò on the 

protein surface. This is expected to be general across CG models beyond those 

considered here, and examples here illustrate that this will 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 

MAb systems at high concentrations. 
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 ELECTROSTATICALLY DRIVEN PROTEIN -PROTEIN INTERACTIONS: 

QUANTITATIVE PREDICTION OF SECOND OSMOTIC VIRIAL 

COEFFICIENTS TO AID ANTIBODY DESIGN 1  

3.1 Introduction  

            Attractive self-interactions 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 patients15,177,103. In Chapter 1, Section 1.4 highlighted that protein-protein 

interactions can be influenced by formulation conditions like temperature, pH, and 

ionic strength178. Moreover, the primary sequence and surface display of charged sites 

of a protein was also introduced as a major factor that drives protein-protein 

interactions. This can be implemented via rational mutagenesis experimentally. There 

are multiple attributes for therapeutic proteins that may be of interest to design 

computationally, including biological function, bioavailability and biodistribution, 

antigen-antibody affinity, protein solubility, protein aggregation in vitro and in vivo, 

solution viscosity / syringability, and ease of manufacturing179ï181. No single 

 

 
1 This chapter is based on a publication by Hassan Shahfar, Qun Du, Arun Parupudi, 

Lu Shan, Reza Esfandiary, and Christopher J Roberts (J. Phys. Chem. Let. 2022, 13, 5, 

1366ï1372). Hassan Shahfar performed simulations and experiments, data analysis 

and write-up. Qun Du made the variants. Qun Du, Arun Parupudi, Lu Shan, and Reza 

Esfandiary offered advise throughout the project and revised the manuscript. 

Christopher J Roberts was the corresponding coauthor and offered advise throughout 

the project and revised the manuscript220. 
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theoretical or computational approach addresses all these attributes, but strongly 

attractive protein-protein self-interactions have been shown in several cases to 

experimentally be indicative of problems with product stability (e.g., aggregation), 

poor solubility, high viscosity, and ultimately challenges for manufacturing of the drug 

product104,182.   

            Computational approaches to predict the impact of amino acid mutations on 

protein-protein interactions may be effective using only a single molecule (i.e., not 

simulating molecules interacting with each other) if the key protein self-interactions 

are based on ñlike-with-likeò interactions (i.e., hydrophobic and van der Waals 

interactions between chemically similar amino acids)13,52ï55. 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 interactions is 

based on oppositely charged and like-charged sites (amino acids), respectively, on the 

neighboring protein surface51. It would be more physical to study factors that influence 

protein-protein interactions within the concept of interaction which depends on 

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 1bAA-level and a domain-only-

level description (denoted as ñ1bC/Dò) can accurately recapitulate those experimental 

results, but at a fraction of the computational cost for 1bAA. As discussed in Chapter 

2, the 1bC/D model ñlumpsò the non-charged amino acids into the corresponding 

domains of a MAb (i.e., VL, VH, CL, CH1, CH2, CH3), but explicitly accounts 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).  



 

 

 

 

69 

            In this chapter, predictions from B22 calculations using the 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 mutations were either 

charge-to-neutral (e.g., +1 or -1 changed to zero) or charge-swap mutations (e.g., +1 to 

-1 or vice versa) in the wild-type (WT) MAb at pH 5.  In this Chapter, ñWTò denotes 

the same protein as MAb C in Chapter 2, to distinguish WT from the sequence 

variants of MAb C described below. The charged amino acids in the WT were used as 

the possible sites for charge-to-neutral and charge-swap variants, and this resulted in 

~102 possible point mutations for this study. A subset (~10) of the predicted MAb 

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-

quantitative agreement between the experimental self-interactions 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 

provide ñmapsò (i.e., pairwise interaction patterns between two proteins) for which 

charged residue pairs between neighboring MAbs are the most influential in affecting 

the net protein self-interactions. These calculations are relatively rapid and provide a 

basis for rapid predictions of ñwell behavedò vs. ñpoorly behavedò MAbs and can be 

an important addition to existing approaches52,183ï186.  
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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 NaCl (Fisher Scientific, Fair Lawn, NJ), 

dissolved in distilled, deionized water (Milli-Q, 18.2 Mɱ.cm, Millipore, Billerica, 

MA). Buffer was then filtered using a 0.22 ‘m low protein-binding filter (Chemglass, 

Vineland, NJ). Purified MAb solutions were provided by AstraZeneca (Gaithersburg, 

MD). Buffer and MAb stock solutions were kept at 4 ᴈ prior to use. About 3 mL of a 

given stock MAb 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 4 ᴈ. The dialyzed MAb solutions were then concentrated up to ~13 mg/mL 

using 50 kDa MWCO Amicon-Ultra centrifugal tubes (MilliporeSigma, Burlington, 

MA). Solution concentrations were measured by DeNovix DS-11 (Wilmington, DE) at 

280 nm wavelength and with an extinction coefficient of 1.56 mL mg-1 cm-1. A series 

of protein concentrations were made by gravimetric dilution ranging from ~0.1 

mg/mL for CD experiment to ~1 mg/mL 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 NanoStar-Wyatt 

Technology (Santa Barbara, CA) at 662.2 nm wavelength and at 25 ᴈ for a series of 

concentrations. For each buffer and MAb sample, three measurements were conducted 

to calculate the excess Rayleigh ratio at angle 90 degrees (See Chapter 1, Section 1.7) 
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using the average scattered intensity. Each measurement was conducted for a total of 

150 seconds at 5 second acquisition time. Figures 3.3c and 3.3d show  as a function 

of concentration (c2) for WT and variants at TIS 59 mM and 19 mM. Equation 3.1 

links the excess ratio profile to Kirkwood buff integral G22. 

 

ὓȟ ὧ ὓὋ ὧ              (3.1) 

ὓȟ  is protein apparent molecular weight, ὓ  is protein true molecular weight, ὧ is 

protein concentration. K is optical constant and equals to 
 

 where n is the 

refractive index, ὔ Avogadro number, ‗ laser wavelength and  is change in the 

refractive index of concentration from low to maximum measured concentration in 

SLS experiments.  was then regressed using a nonlinear fit function to calculate G22 

using each variant and WT in Figures 3.3c and 3.3d. Table 3.1 includes experimental 

G22 at 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.  

 

                                            Ὣ ὸ ‌ ‍ Ὡ  ρ ὸ                       (3.2) 

where t is time, ‌ is average baseline intensity, ‍ is the amplitude of Ὣ ὸ, q is the 

magnitude of scattering wave vector and equals to  ÓÉÎ where — is scattered 

angle, Dc is the translational collective diffusion coefficient and ‘ is the second 

cumulant. In the dilute protein concentration range, the diffusion interaction parameter 

kD is linked to the protein translation collective coefficient (kD in equation 3.3).  

 

                                                            Ὀ Ὀ ρ Ὧὧ                          (3.3) 



 

 

 

 

72 

where D0 is the tracer diffusion coefficient and ὧ is protein concentration. Figure 3.4a 

and 3.4b show Dc as a function of concentration for WT and each variant at TIS 59 

mM and 19 mM. A linear regression of Dc vs concentration c2 was used to calculate 

kD. Table 3.1 includes kD values that were obtained from linear regression of Eq. 3.3 

against the Dc vs. c2 DLS data for each variant and WT in Figure 3.4a and 3.4b. 

3.2.1.3 Circular Dichroism  

          CD spectra were obtained using Jasco 1500 instrument (Easton, Maryland, 

USA) at 25 ᴈ. The following setting was made prior to loading of the buffer and 

MAb solutions: data pitch of 1 nm (one data point every nm), scanning speed of 50 

nm/min, D.I.T (response time) of 4 sec, accumulation of 3 scans, and a CD scale of 

200 mdeg at 25 ᴈ . 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 buffer-subtracted and the molar 

ellipticity — was calculated via Equation 3.4. 

 

                                                            —
                           (3.4) 

where ὓ  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 cm, ὲis the number of amino acids for a 

given MAb, and—  is the measured ellipticity at wavelength ‗ in 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 ~1 mg/mL of WT and each 

variant and over the temperature range of 20-90 ᴈ. The scan rate was set at 1 ᴈ/min. 

Multiple buffer-buffer scans were conducted to establish the thermal history and 

calculate the buffer-only effect. Partial specific heat capacity values were calculated as 

reported previously187. The low T (temperature) baseline was subtracted from the 

absoluteὧ(T) profiles to calculateὧ  for easy comparison across runs of WT vs 

each variant. Figure B2 shows the normalized excess heat capacityὧ  as a 

function temperature for WT at TIS 59 mM and 19 mM. Figure B3 shows ὧ  vs T 

for each variant and WT at TIS 19 mM. The 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 predict the 

second osmotic virial coefficient (ὄ ) 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 calculateὄ  values using MC CG 

molecular simulation for a given ionic strength at pH 5 and at 25 °C. MSOS returns 

the value of B22 with respect to a reference state. Steric-only interactions (B22,ST) was 

used as the reference state for the simulations. The 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 work. The interaction 

potentials include two adjustable parameters ‪ and ‐  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 B22 data at high ionic strength set the magnitude of the maximum 

short-ranged non-electrostatic attractions (‐ πȢψυ ὯὝ). The dimensionless 

normalized ὄ  and Ὃ  were defined by ὄᶻ ὄ  ὄ ȟ  ϳ  and Ὃᶻ

ὄ  ςὄ ȟ  ϳ . The ratio of actual to theoretical charge or valence (‪) was tuned to 

1.24 and 1.31 to match with experimental values of Ὃᶻ σπȢσ πȢφ at TIS= 19 

mM and Ὃᶻ φȢω 0.7 at TIS=59 mM, respectively. 

3.2.3 Selection of Amino Acids for Mutation via Simulation 

            The impact of charge-swap and charge-to-neutral mutations were investigated 

at low (19 mM) and medium (59 mM) ionic strengths for each variant. MAb C 

contains 256 charged residues. There is a symmetry of charge distribution between 

heavy and light chains for 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 mirror residue on the other heavy or light chain of the MAb. In a 

typical charge-swap mutation, the sign of charged beads representing the target 

charged residues were flipped. For charge-to-neutral mutations, the originally charged 

bead was set to zero charge. Each possible charge-swap and charge-to-neutral cases 

were simulated for predictions of the ὄᶻȢ 

A broad range of ὄᶻvalues were observed as a result of mutations for both 

ionic strengths. Figure 3.1 (right panel) and 3.2 illustrate the impact of charge-swap 

mutations at TIS 59 mM and charge-swap and charge-to-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 the 50th charged residue in the PDB file rather 

than the 50th 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 Energy Maps 

             Mayer-averaged pairwise electrostatic interaction energies between each 

charge-charge residue were calculated with the same methodology in prior work51. 

Briefly, to calculate the average values between all possible charge-charge 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 simulation51. Figure B1 shows heatmaps of Mayer-average values of the 

electrostatic charge-charge 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 solubility2. The simulation and 1bC/D model predict the values of the 

second osmotic virial coefficient (B22) with respect to a reference state in which only 

steric interactions are present between a given pair of proteins. As in Chapter 2, a 

dimensionless value of ὄ  is defined here as ὄᶻ ὄ  ὄ ȟ  ϳ , which is the 

quantity calculated from the simulation. The reference state (B22,ST) for the WT MAb 

and variants was calculated with previously published methods for a given choice of 
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protein structure2. Given the small changes in sequence for the variants here, the value 

of B22,ST was effectively the same for WT and each variant. 

            Figure 3.1 illustrates the impact of charge-to-neutral point mutations on protein 

self-interactions for an intermediate value of the total ionic strength (TIS) of 59 mM. 

The analogous results of charge-swap mutations for intermediate ionic strength, as 

well as charge-swap and charge-to-neutral mutations for lower ionic strength, are 

shown in Figure 3.2. The WT Charged Residue Index is based on the linear order of 

charged residues in the primary sequence, as done in prior work (i.e., VL:1-15, CL:16-

35, VH:36-61, CH1:62-79, CH2: 80-108 and CH3:109-131)51. 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 changes in ὄ , or more 

negative net ὄ ). The location of residues that are predicted to result 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 domains, that can greatly improve the 

net self-interactions (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 predicted "ᶻ (1bC/D) for all individual charge-to-neutral 

mutations in the WT at 59 mM TIS. The horizontal blue line represents 

the value of "ᶻ  for WT protein. (left): The value of predicted 

"ᶻ (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 bar. Labeled residues shown in the left graph (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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Figure 3.2:    "ᶻ(1bC/D) for charge-swap mutations at TIS 59 mM (a) and 19 mM (b) 

and charge-to-neutral mutations at TIS 19 mM (c). The horizontal blue 

line represents the "ᶻ  of WT protein at given ionic strength. 

 

            Twelve point-mutations (six charge-swap and six charge-to-neutral mutations) 

that were predicted to have the greatest improvement for "ᶻ  were selected for 

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

AstraZeneca (Gaithersburg, MD) provided the highly purified variants. These 

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

D52Q, D53K, and D53N. Table 3.1 summarizes the 12 variants which are denoted 

with the shorthand nomenclature ñMAb1ò to ñMAb 12ò. 

          To assess the accuracy of "ᶻ  computational predictions and qualitative and 

quantitative 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 ~ 10 mg/mL) for each of the 12 

variants and WT (See Section 3.2.1.2).   

            SLS and DLS measure protein-protein self-interactions (PPI) in terms of 

regressed G22 values and protein diffusion interaction parameter (kD) values were 

determined experimentally for all cases via regression of SLS and DLS measurements 

versus MAb concentration (See Equations 3.1 and 3.3). kD is a commonly used 

surrogate for B22
3,59 and was determined from DLS experiments as introduced in 

Chapter 1, Section 1.7. Figures 3 shows SLS and DLS profile of WT and variants as a 

function of concentration (c2) for WT and variants at TIS 59 mM and 19 mM. Table 

3.1 summarizes G22 and kD 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 (Dc) vs. protein concentration for WT and each variant 

(Equations 3.1 and 3.3).  
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Figure 3.3:   DLS profile of WT and variants for TIS 59 mM (a) and TIS 19 mM (b). 

Excess Rayleigh ratio profile of WT and variants at TIS 59 (c) and TIS 

19 mM (d).  
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Table 3.1:    Experimental kD and G22 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 multi-body protein-protein interactions can be 

neglected (G22 -O2B22)1. Column 1 gives the identification shorthand 

ñlabelò for WT and each variant, with the particular mutation associated 

with that variant identified in Column 2.  

 

            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 concentration (c2) for the WT and the 

most repulsive and attractive variants at low and intermediate ionic strength values. 

Figure 3.4b shows the experimental kD and G22 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 self-interactions of all variants 

compared to the WT. Particularly, in the most extreme cases, two orders of magnitude 

improvements in G22 and kD were observed.  

Protein 

ñlabelò 

Identity 

of 

mutation 

G22 (mL/g) 

TIS=19 mM 

kD (mL/g) 

TIS=19 

mM 

G22 (mL/g) 

TIS=59 

mM 

kD (mL/g) 

TIS=59 

mM 

WT N/A 700±15 -140±7 160±16 -38±1 

MAb 1 D42K  17±1 3.9±0.3 5±1 -10±1 

MAb 2  D42N  1.4±0.9 -9±1 17±1 -14±1 

MAb 3  D46N  4±1 -7±1 30±1 -21±1 

MAb 4  D46K  18±1 6±1 1±2 -10±1 

MAb 5  D47Q  -7±2 -11±1 59±2 -16±1 

MAb 6  D47K  16±1 7.6±0.3 24±2 -10±1 

MAb 7 E48Q  108±4 -46±1 59±1 -29±1 

MAb 8  E48K 9±1 -1.9±0.5 33±1 -18±1 

MAb 9  D52Q  150±4 -43±2 30±1 -28±1 

 MAb 10  D52K  13±3 0.7±0.3 33±1 -20±1 

 MAb 11  D53N  -6±2 -8.7±0.3 30±1 -19±1 

 MAb 12  D53K  4±2 -4.4±0.3 28±1 -18±1 
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Figure 3.4:(3.4a): Illustrative profiles for excess Rayleigh ratio vs protein 

concentration at TIS 19 mM for WT (filled black spheres), MAb 9 (filled 

navy pentagons), MAb 5 (filled red 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 for kD vs G22 

for WT and variants for TIS 19 mM (red triangle) and TIS 59 mM (blue 

spheres). Inset: kD vs G22 without break in x axis. (3.4c) Prediction of 

"ᶻ (1bC/D) vs 'ᶻ (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 dash-dot 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 "ᶻ  versus the 

experimental values of 'ᶻ  for WT and each variant at both ionic strength values. The 

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 semi-quantitative since there are variants where the simulations 

significantly under or over-estimate the net self-interactions compared to the 

experiments but still maintain the same qualitative trend. A key reason is that at low 

ionic strength the experimental results show very strong net attractive interactions 

(' ȟ
ᶻ ͯ σπ ÏÒ ' ȟ χͯππ Í,ȾÇ, which means effectively multi-protein 

interactions influence the net protein self-interactions, likely because the Debye 

screening length is much longer at low TIS values (See Chapter 1, Sections 1.3 and 

1.4). Therefore the 2-body calculations for B22 may not be sufficient1 to capture multi-

body interactions since the strength and range of the interactions indicate that even 

seemingly low concentrations (~ 1-10 mg/mL) are not in the true thermodynamically 

dilute regime (See Equation 1.5). The results show in most cases that the predicted 

protein self-interactions are in at least semi-quantitative agreement with experiments, 

with no experimental calibration of the forcefield parameters for the 1bC/D model2 

needed beyond the WT molecule. This has the potential to greatly improve the 

available ñtoolboxò for predicting key product attributes for therapeutic proteins that 

are related to protein-protein self-interactions (cf., Introduction).      

 There are additional considerations in biophysical assessments when one 

introduces mutations, including impact on protein structural stability. To help evaluate 

potential impacts, far-UV 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 and the variants. Compared to WT, the CD spectra did not 

show significant changes for variants (Figure 3.5).  

 

 

 
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 terms of the location of each DSC peak for variants compared to those of 

WT. 
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Figure 3.6:    Illustrative 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 variants (ЎTi= Ti,WT- 

Ti,Var) at  TIS 19 mM. The WT peaks are located at 59.8±0.1, 66.3±0.1, 

74.2±0.1 and 82.7±0.1 ᴈ for T1, T2, T3, and T4 respectively. 

Protein 

ñlabelò 

Identity of 

mutation 

ЎT1 (ᴈ) ЎT2 (ᴈ) ЎT3 (ᴈ) ЎT4 (ᴈ) 

MAb 1 D42K  0.2±0.1 0.5±0.1 0.3±0.1 1.2±0.1 

MAb 2 D42N  0.3±0.1 0.5±0.1 0.7±0.1 0.9±0.1 

MAb 3 D46N  0.4±0.1 0.2±0.1 0.5±0.1 1.1±0.1 

MAb 4 D46K  0.3±0.1 0.1±0.1 0.8±0.1 1.1±0.1 

MAb 5 D47Q  -0.5±0.1 -0.1±0.1 0.0±0.1 1.1±0.1 

MAb 6 D47K  -1.0±0.1 0.2±0.1 1.3±0.1 0.9±0.1 

MAb 7 E48Q  -1.0±0.1 0.3±0.1 1.6±0.1 1.0±0.1 

MAb 8 E48K -0.9±0.1 0.4±0.1 1.0±0.1 1.0±0.1 

MAb 9 D52Q  2.8±0.1 -0.1±0.1 -0.1±0.1 1.0±0.1 

MAb 10 D52K  4.1±0.1 0.0±0.1 0.0±0.1 1.0±0.1 

MAb 11 D53N  -0.2±0.1 -0.1±0.1 0.3±0.1 1.4±0.1 

MAb 12 D53K  -0.8±0.1 0.2±0.1 0.8±0.1 1.3±0.1 
 

            Protein self-interactions 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 self-interactions, and one way to assess 

this is via average pairwise interaction ñmapsò such as those used in prior work for the 

average interactions between amino acid or charge site i on one protein and the charge 

site j on the adjacent protein51. To help assess the impact of point mutations on the 

pattern of protein self-interactions for each mutation, the Mayer-average energy of 

charge-charge residue pairs (inter-protein charged sites i and j) was calculated for WT 

and each variant at both TIS 19 mM and 59 mM. This was done to compare the 

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 patterns for the pairwise interaction ñmapsò of the 

variants.  
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Figure 3.6 shows illustrative examples and Figure B1 in Appendix B, includes all 

pairwise interaction ñmapsò for WT and the variants and ionic strength values. In the 

case of WT, in both low and medium ionic strengths, there are a small number of 

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 ñmapò for WT. The location and the strength of pairwise interactions vary among 

the different MAb variants. For example: (i) Figure 3.7c illustrates that the 

contributions from a broad range of possible inter-protein charge pair interactions for 

MAb 6 are relatively weak with no ñdominantò pairs; (ii) Figure 3.7d shows a new 

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 interaction patterns among 

variants highlights that there are several ways by which surface charge distributions in 

protein-protein interaction ñmapsò can result in net ñgood behaviorò in terms of net 

protein self-interactions.  
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Figure 3.7:  Heat map of Mayer averaged pairwise interaction for (3a) WT, (3b) MAb 

3 (D46N), (3c) MAb 6 (D47K) and (3d) 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 predict the effects 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 data. This MAb was used in this Chapter as the 

baseline wild-type MAb and a test case for the rational design of point mutations. 

Charge-swap and charge-to-neutral mutations were calculated systematically one at a 

time for all individual charged residues at pH 5 in the WT heavy chain sequence, and 

similarly for the WT light chain sequence. All mutations were confined to solvent-

exposed surface residues and did not result in significant changes in protein structural 

integrity as assessed by DSC and CD measurements. Overall, this highlights a useful 

approach to the rational design of self-interactions for therapeutic proteins that can be 

combined with other complementary methods that monitor binding affinity, efficacy 

and function, chemical stability, etc,188ï192 for optimal protein design. 
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PREDICTING EXPERIMENTAL B22 VALUES AND THE EFFECT OF 

HISTIDINE CHARGE STATES FOR MONOCLONAL ANTIBODIES USING 

COARSE-GRAINED MOLECULAR SIMULATION   

 

4.1 Introduction  

            In Chapter 1, Section1.1 biological macromolecules like monoclonal 

antibodies were introduced as an important class of therapeutic entities including those 

for difficult-to-treat diseases193,194. Protein-based therapeutics currently constitute the 

largest portion of biologics193,195, 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 targets and autoimmune diseases. In Chapter 

1, Section 1.4 it was noted that formulation conditions can impact protein self-

interactions and consequently physical stability issues like aggregation, phase 

separation, opalescence, and high viscosity, particularly at high 

concentrations15,17,177,196ï199.  Those interactions can be net-repulsive or net-attractive 

and be driven by steric repulsions, van der Waals attractions, hydrophobic 

interactions, and attractive or repulsive electrostatic interactions9,65,111.  

            In dilute conditions, where the protein concentration (c2) is low (typically, c2 

below roughly 10 mg/mL for most MAbs), the sign and magnitude of colloidal 

protein-protein self-interactions can be quantified experimentally with the second 

Chapter 4 
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osmotic virial coefficient, B22 1,111(cf., Chapter 1, Section 1.3). In Chapters 2, and 3, it 

was shown that electrostatic interactions can influence protein-self interactions 

particularly in low ionic strength regimes where these interactions are long-range due 

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

           Physically, the charge (ή) of each atom is quantized and represented by ή ὲὩ 

where n is an integer number and Ὡ is the charge of the electron. As charge 

quantization does not allow existing partial charges for a single charge site, this can 

limit predictions of protein-protein interactions in conditions in which the pH value is 

close to the pKa of titratable amino acids. Given that many practical formulations are 

near physiological pH if possible, this is particularly salient for His residues148 but 

could be generalized beyond those cases.    

 For example, if one uses the Henderson-Hasselbalch equation to calculate the 

equilibrium, time-averaged probability of a given amino acid side chain to be in its 

protonated (P+) or unprotonated state (P-), Eq. 4.1a and 4.1b provide the values of P+ 

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

 

                                                 ὖ    (4.1a) 

                                         ὖ    (4.1b) 

 

where ὖ is the probability of being fully positively charged for a basic amino acid or 

neutral for acidic amino acid (i.e., being protonated); and ὖ is the probability of being 

fully negatively charged for an acidic amino acid or neutral for 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 (+1 or -1) if the pH is sufficiently close to the 

pKa of the side chain.  The average charge state may lie between neutral and fully 

charged, but there are no ñpartial chargesò on an amino acid for any given 

configuration of the proteins that contributes to the net interactions.  This becomes 

important because 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 factor77,111. The method is mainly 

based on a classical statistical approach to treat fluctuating charge residues, without 

quantum calculations (i.e., not a hybrid quantum-classical simulation). This is tested 

using B22 predictions and comparisons with experimental values for three 

immunoglobulin gamma (IgG) proteins.  One is an IgG1 subclass (denoted ñIgG1ò) 

and two are from the IgG4 subclass (denoted ñIgG4-1ò and ñIgG4-2ò), collectively 

they represent a range of behavior for the monoclonal antibodies (MAbs) (Figures 

C1). The experimental data were published previously200, 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 used to experimentally determine B22 values 

for a given IgG and solution conditions. The 1bC/D model that was introduced in 

Chapter 2, was used here to calculate B22 values using a Monte Carlo (MC) algorithm 
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that is deliberately biased to improve efficiency and sampling of relevant molecular 

configurations2. 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 state2,201. As in Chapters 2 and 3, steric-only-

interactions were used as the reference state. In Chapter 2, it was shown that the level 

of coarse-graining of the 1bC/D model provided accurate predictions of electrostatic 

interactions and is significantly less demanding in terms of computational resources 

compared to all-atom molecular simulations2.  

 The prior work67,202ï213 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 in this 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 burden. Finally, 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 protein-protein interactions when they are governed 

mainly by electrostatic interaction in low to medium ionic strength.  

4.2 Computational Methods 

4.2.1 Molecular Simulations for B22 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 oC using the 1bC/D model which 

the simulation details explained in Chapter 2, except for the following additions. To 

incorporate the effect of fluctuating His charges, for each His residue a uniform 

random number (ὶ) between 0 and 1 was created and compared against the 

corresponding probability of protonation ὖin Equation 4.1a. This was done 

independently for each His residue, and it was considered protonated in the given trial 

configuration if the created random number was less than the corresponding 

probability of protonation (i.e., ὶ ὖ), otherwise it was neutral. This process was 

done for each His residue independently in all configurations.  

 Each simulation started with 104 ï 106 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 by an averaging 

period for B22/B22,ST over 106 ï 108 total configurations. At least three independent 

simulations were used for each molecule and solution condition to assess convergence 

of the final reported B22/B22,ST values. Since pKa values for a given amino acid can 

depend on the local structural/chemical environment79,214-216, for simplicity, a single 

value (pKa=6.04) was used for all His residues for the three MAbs. This approach can 

easily be adjusted in future work if individual pKa values are known. While the new 

method may result in 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 the value of B22, thus allowing 

more accurate and faster convergence of calculated B22 values. 

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

used in this Chapter to calculate the total interactions energy. At pH 5.5 and 7.0, the 
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valence charge of Lys and Arg were treated as +1 and as ī1 for Glu and Asp, and not 

treated as fluctuating quantities. The charge of His residues was allowed to fluctuate 

based on the probability of protonation (Eq. 4.1a) as described above. The adjustable 

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 strength. Tables 4.1 and 4.2 show the values of 

B22,ST as well as the adjustable CG model parameters tuned by experimental data. 

 

Table 4.1:     ὄ ȟ  and model free parameters („ , ‐ ) for IgG1, IgG4-1 and 

IgG4-2. The values are independent of the choice of pH.  
MAb B22,ST (mL/g) „ (nm) ‐ ὯὝ 

IgG1 9.89 3.68 0.87 

IgG4-1 9.67 3.30 0.80 

IgG4-2 8.47 3.20 0.89 

 

 

Table 4.2:    The optimum ‪ values based on ARD calculations for IgG1, IgG4-1 and 

IgG4-2 for fluctuating and fixed-charge simulations at pH 5.5 and 7.0.  
 pH=5.5 pH=7.0 

MAb Fluctuating-charge 

simulation 

Fixed-Charge 

simulation 

Fluctuating-charge 

simulation 

Fixed-Charge 

simulation 

IgG1 0.7 0.6 0.7 0.7 

IgG4-1 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., ὖin Equation 4.1a). The choice of using a universal pKa value resulted in 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 consequently B22 values. This is mainly because the MSOS 

algorithm biases sampling toward those configurations that contribute most to B22 

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 interaction energy 

between proteins (E).  

 

ὖ Ὁ
ὲ Ὁ

В ὲ Ὁ ὲ Ὁ
                                 τȢςὥ 

ὖ Ὁ
ὲ Ὁ

В ὲ Ὁ ὲ Ὁ
                                 τȢςὦ 

where ὖ Ὁ and ὖ Ὁ are the probability density of finding a particular His 

residue becoming fully charged or neutral as a function of protein-protein interaction 

energy (E) respectively. ὲ Ὁ and ὲ Ὁ are the numbers which a His residue 

found charged or neutral at 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 its electrostatic energy.   
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ὖ Ὁ ȟ

ὔὉ ȟ

В ὔὉ ȟȟ

                                 τȢσ 

where ὖ Ὁ ȟ  represents the probability density of finding a His residue to have 

the electrostatic energy Ὁ ȟ  and ὔὉ ȟ  is the number that His residue found at 

Ὁ ȟ .  

4.3     Results and Discussion 

           Simulations were performed to predict ὄᶻ and the effect of fluctuating His 

charge residues vs. fixed charge states for IgG1, IgG4-1, and IgG4-2 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 shown in the blue shaded area, 

compared to the symbols that represent the experimental data200.  

            For IgG1 (Fig. 4.1a) at TIS above ~85 mM, both fixed and fluctuating-charge 

scenarios (red and blue shaded area) predicted approximately the same values of ὄᶻ. 

This is consistent with the minimal contribution from electrostatic interactions at high 

ionic strength. SLS data shows an increase in net electrostatic repulsion at the lowest 

measured TIS compared to medium to high TIS. Interestingly, compared to fixed-

charge simulation, fluctuating-charge simulation resulted in an accurate prediction of 

electrostatic interactions and consequently in ὄᶻ value. That is because fully 

protonated states in the fix-charge simulation overestimate the net electrostatic 

pairwise repulsion between charged amino acids in the neighboring protein. However, 
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fluctuating-charge simulation modifies the strength of pairwise electrostatic 

interactions by reducing the protonation state probability of His charged residue.  

           In the case of IgG4-1, inspection of the SLS data shows there is a relatively 

weak net contribution from electrostatic interactions at pH 5.5 (Fig. 4.1b, black 

symbols200), as indicated by the lack of statistically significant changes in ὄᶻ as a 

function of ionic strength. The average value of ὄᶻ is near ī0.75, which is 

comparable to the high-ionic strength values observed for other MAbs when 

electrostatic interactions are highly screened2,28,59,84,217. Simulations with either fixed 

or fluctuating charges also show a weak dependence of ὄᶻ on ionic strength.  Given 

that the net interactions 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 IgG4-2 (Fig. 1c, black symbols195). The value of ὄᶻ is large and negative 

(ὄᶻ~ ī5) at low ionic strength and increases monotonically with added NaCl to ὄᶻ ~ 

ī1 at high ionic strength (TIS > 400 mM). This indicates that the net interactions are 

dominated by strong electrostatic attractions at low TIS and makes IgG4-2 at this 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 protein-protein 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 experimental ὄᶻ 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 fixed-charge simulations may capture the behavior 

qualitatively, the fluctuating-charge simulations provided better quantitative 

agreement. At higher ionic strength, the fixed-charge approximation was reasonable, 

as expected since electrostatic interactions are much less influential under those 

conditions. 

 

 

 
Figure 4.1:   ὄᶻ as a function of total ionic strength (TIS) for a) IgG1, b) IgG4-1 and 

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

The red shaded area shows simulated values at pH 5.5 where each His 

residue is considered protonated with 78% likelihood. 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 values (black circles) and predicted values 

of ὄᶻ (red and blue shaded area) for IgG1, IgG4-1, and IgG4-2 as a function of ionic 

strength at pH 7.0. The shaded regions represent the fixed-charge simulations (blue) 

and fluctuating-charge (red) simulation results, respectively. Although pH 7.0 is 

almost a full pH unit away from the nominal His pKa (6.04) used in the simulations, 

Eq. 4.1a yields ~ 10% likelihood protonation (on average) for each His residue when 

considered in isolation. Experimental values for IgG1 at pH 7.0 in Fig. 4.2a are 

effectively independent of ionic strength within statistical uncertainty, with an average 

value of  ὄᶻbetween -3.5 and -5.  This is a similar magnitude and sign as the high-

ionic-strength conditions for this molecule at pH 5.5, consistent with an interpretation 

where non-electrostatic 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 fixed-charge and fluctuating-charge simulations 

are similar, which is again as expected when electrostatic interactions do not 

significantly impact the net ὄᶻvalues.  Figure C2 shows ὄᶻ  as a function of short-

range interaction parameter‐ in the limit of high TIS (i.e.,  

‪ π) . Compared to IgG4-1 and IgG4-2, one observes that the value of ὄᶻ for IgG1 

decreases more by increasing the strength of non-electrostatic short-range interaction 

energies. Moreover, hydrophobicity analysis on side-chain groups (data not shown) 

showed more hydrophobic patches for IgG1 compared to those of IgG4-1 and IgG4-2 

which is consistent with SLS data at high TIS at both pH 5.5 and 7.0.   

 The results for IgG4-1 at pH 7.0 show a small decrease in ὄᶻ  with increasing 

ionic strength, effectively plateauing at ὄᶻ  ~ ī0.5 at high ionic strength (Fig. 4.2b). 

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



 

 

 

 

101 

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 predicted ὄᶻ 

values for fixed-charge vs. fluctuating-charge simulations.     

            The experimental behavior of IgG4-2 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 protein-protein interactions for IgG4-2 at pH 7.0 have strong 

contributions from electrostatic attractions that are screened at high ionic strength. The 

values of ὄᶻ at high ionic strength are comparable between pH 7.0 and pH 5.5.  

Interestingly, although the net interactions are driven by electrostatic attractions as 

ionic strength decreases, both fixed-charge and fluctuating-charge simulations show 

similar results and good agreement with the experimental data. This is likely due to the 

low probability of protonation (~ 10%) for each His residue, and therefore a lesser 

impact of charge fluctuations. For a given MAb-pH condition, the electrostatic 

contribution in simulated ὄᶻ values depend on the selected ‪ value. Table 4.2, in 

Section 4.2.1 shows the corresponding optimum (‪) values for both fixed- and 

fluctuating-charge simulations. Slight shift in the optimum ‪ parameters was observed 

at pH 5.5, while the values were effectively the same at pH 7.0. This indicates that the 

differences for the predicted B22
*  vs. TIS profiles were primarily due to the different 

simulation algorithms (fixed-charge vs. fluctuating-charge) rather than simple 

parameterization. 
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Figure 4.2:   ὄᶻ as a function of total ionic strength for a) IgG1, b) IgG4-1 and c) 

IgG4-2. The black circles represent experimental ὄᶻ 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 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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fluctuating-charge approach provides better quantitative predictions. However, 

predicting the highly negative ὄᶻͯ φ at the lowest TIS for this molecule resulted in 

roughly 2.5-fold more computational time compared to the fixed-charge simulation. 

That is mainly because at conditions with electrostatic interactions 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 protein-protein interactions.  

 To gain insight into the role of fluctuating charges on ὄᶻ for particular His 

residues, the probability density distribution for protonated states (denoted ὖ Ὁ) 

and deprotonated states (denoted ὖ Ὁ) was calculated for each His residue as a 

function of protein-protein interaction energy (E) for each MAb-buffer condition. 

Figures C3-C8 show ὖ Ὁ and ὖ Ὁ for each MAb-buffer condition. 

Interestingly the ratio of ὖ  over ὖ  (ὖ ὖϳ ) converged to almost a constant 

number as a function of protein-protein 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 protein-protein interactions (Figs. C9-C14). 

Fluctuating-charge 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 4.3a illustrates a wide range of 

ὖ ὖϳ values spanning from ~2.2 (first residue) to ~4.1 (13th residue) for IgG4-2 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 protonation of specific 

residues compared to the nominal ὖ ὖϳ  ratio (Fig. 4.3d). Another interesting case 

is IgG4-1 at both pH 5.5 and 7.0 where SLS demonstrates weak protein-protein 
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interactions which are driven by fairly weak non-electrostatic interaction. Regardless 

of the choice of pH and ionic strength, IgG4-1 shows almost the same value of 

ὖ ὖϳ 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 conditions 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 protein-protein interactions (e.g., 

high TIS cases in Figs. C9-C14, 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 

protein-protein interactions. 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 protonation states when protein-protein interactions are influenced 

minimally by non-electrostatic interactions.    

            Figures C9-C14 and Figure 3 show that the values of ὖ ὖϳ may differ 

based on His residue index, depending on the ionic strength and interaction 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 described in the Method 

section. This was done to see if a large or small value of ὖ ὖϳ corresponds to the 

range of electrostatic energies that His residues experience. Figure C15 compares the 

ὖ ὖϳ 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 between ὖ ὖϳ and 

corresponding energy range of His residue was found.  

 

 

 

 
Figure 4.3:  Average ratio of the probability density distributions (ὖ ὖϳ ) for a) 

IgG4-2, pH=5.5, TIS=35 mM, b) IgG4-1, pH=5.5, TIS=35 mM, c) IgG1, 

pH=7.0, TIS=58 mM and d) IgG4-2, pH=7.0, TIS=58 mM as a function 

of His Charged Residue Index.  Only the average ratio is shown because 

the ratios were effectively independent of the overall potential energy(E) 

for Pon(E) and Poff(E).  
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4.4     Summary 

            In this Chapter, a new statistical computational method was introduced to deal 

with fluctuations of the charge state 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 some conditions for solution pH near the pKa of 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 experimental results. 

            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 0, based on the nominal probability from the Henderson-Hasselbalch 

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 predicting B22 values for each MAb-buffer condition 

when compared to canonical fixed-charge 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 calculated to assess the role of fluctuating 

His residues in protein-protein 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 this is 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 as B22. 
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SUMMARY AND FUTURE WORK  

 

5.1 Summary 

              Protein self-interactions play a key role in influencing biophysical properties 

of therapeutic proteins like poor solubility, aggregation, phase separation, and solution 

viscosity. Attractive protein self-interactions are linked to these biophysical risk 

factors and can hinder the development of drug candidates. Thermodynamically, the 

second osmotic virial coefficient of a system (ὄ ) measures the strength of net 

protein self-interactions in low protein concentrations. A negative (positive) value of 

ὄ  indicates net attraction (repulsion) between proteins.  Several studies have shown 

the correlation between the strength of ὄ  and some biophysical risk factors. This 

makes ὄ  a useful indicator quantity to screen and flag those drug candidates that 

show high attractive self-interactions. Physically, ὄ  is a function of electrostatic, 

steric, and non-electrostatic short-range interactions at a molecular level. In addition, 

to protein primary sequence and its 3D structure, solution conditions like pH, ionic 

strength, co-solutes, and temperature can influence the strength of interactions and 

consequently affect ὄ . Experimentally, there are several methods to measure ὄ  

values in a given formulation condition like neutron and x-ray scattering (SANS and 

SAXS) and light scattering (LS). However, light scattering is more available, less 

Chapter 5 
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expensive compared to SANS and SAXS. The experimental process of measuring 

ὄ values can be time-consuming for different MAb solutions. This promotes 

developing computational tools like coarse-grained modeling and algorithm that aid in 

predicting ὄ 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 self-interactions via coarse-grain modeling, developing 

algorithms, and identifying potential residues that influence protein-self interactions. 

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 different MAb-pH conditions, studied as a function of total ionic 

strength in low protein concentration. The collection of CG models spanned from 

domain-level descriptions (HEXA and DODECA) to amino-acid-level descriptions 

(1bAA). Also, a hybrid of domain level with 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 

quantitatively and qualitatively the corresponding experimental ὄ  values at low 

protein concentrations. The models were also compared based on the relative 

computational burden and potential for extension to high protein-concentration 

conditions. Also, comparisons were made with the emphasis on the ability of each 

model to represent steric repulsions, electrostatic repulsions, and attractions 

accurately, and to a lesser extent on non-electrostatic interactions for net behavior 

between proteins. The behavior ranged from simple ñcolloid-likeò systems to the 
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opposite extreme where particular oppositely charged amino acids lead to strong 

attractions. The focus was on the impact of different levels of coarse-graining for the 

distribution of charged amino acids on the protein surface rather than the distribution 

of hydrophobic amino acids. Domain-level models predicted net repulsive and mildly 

attractive net protein self-interactions 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 protein-solution conditions 

when attractive electrostatic interactions between oppositely charged amino acid 

residues dominated. In the latter case, explicit sites are needed for each charged amino 

acid or charged ñsitesò on the protein surface, like 1bAA and 1bC/D models. This is 

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 effects of charge mutations on MAb self-interactions 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 strength based 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. Charge-swap 

and charge-to-neutral mutations were calculated systematically one at a time for all 

individual charged residues at pH 5 in the WT heavy chain sequence and similarly for 

the WT light chain sequence. All mutations were confined to solvent-exposed surface 

residues and did not result in significant changes in protein structural integrity as 

assessed by DSC and CD measurements. Overall, this highlights a lucrative approach 

to the rational design of self-interactions for therapeutic proteins that can be combined 
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with other complementary methods that monitor binding affinity, efficacy, and 

function, chemical stability, 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 strength. For solution pH near the pKa of 

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 Henderson-Hasselbalch equation. This is more pronounced 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 charge state or valence of each His 

residue to independently fluctuate between +1 and 0, based on the nominal probability 

from the Henderson-Hasselbalch equation for the choice of pH and pKa of His 

residues. For simplicity, a common value of pKa (6.04) was used for all His residues. 

Compared to canonical fixed-charge simulations, the fluctuating-charge simulation 

provided equal or improved accuracy for predicting B22 values for each MAb-buffer 

condition as a function of total ionic strength. The most notable improvements were 

for conditions that protein self-interactions depended strongly on net attractive 

electrostatic interactions. The corresponding probability density also assessed the role 

of each fluctuating His residue to the net protein self-interactions for protonation 

states. The results showed that the strength of electrostatic interactions between 

proteins and charge distributions that contribute to protein-self interactions during 

simulation could significantly shift the probability densities from the nominal 

expected values.  



 

 

 

 

112 

5.2    Future Work  

5.2.1 Predicting Protein Self-Interactions of Pure and Binary Mixtures of 

Proteins from Low to High Concentration 

            In Chapter 2, a suite of coarse-grained models was introduced to predict 

protein self-interactions in the dilute limit (<10 mg/mL) in terms of the second 

osmotic viral coefficient (ὄ ). However, some drug formulations need a higher 

concentration of proteins. This is more pronounced for subcutaneous injection, in 

which the protein concentration can reach 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 different antigens218. In this case, predicting 

protein cross-interactions 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 elevated protein concentration.  

              Binary mixtures are a type of protein mixtures that contain minimal cross-

interaction between proteins as they include only two different proteins with different 

sequences. An increasing number of distinct proteins results in the growth of distinct 

cross-interactions between protein species. Considering the cross-interaction between 

protein A and protein B, Equation 1.17 can be rewritten as Equation 5.1218. 

 
Ὑ

ὑ
ύὓ ȟ ύὓ ȟ ὧ ύὋ ςύύὋ ύὋ ὧ     υȢρ 

where ύ  and ύ  are the mass fraction of protein A and B respectively, ὓ ȟ  

and ὓ ȟ are apparent molecular weight of protein A and B, and  ὧ is the total 

mass protein volume concentration. Ὃ , Ὃ  and Ὃ  are corresponding protein 
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Kirkwood-Buff integral between pure protein A, pure protein B, and cross-interaction 

of A and B proteins 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 factor (Equation 1.5) can be 

rewritten as follow.     

 

ɟ
ɩ ὓ

ὧὙὝ
ρ ὄ ὧ ὃὧ ὃὧ Ễ                         υȢς 

where ɩ represents the cross-osmotic pressure for binary mixture of A and B 

proteins. However, all type of possible cross-interactions between A and B proteins 

needs to be considered in calculating the virial coefficient of the system. For example, 

in the case of ὄ which accounts for two-body interactions, interactions can happen 

between A protein pairs only (ὄ ὃὃ , B protein pairs only (ὄ ὄὄ) or cross 

interaction between A and B proteins (ὄ ὃὄ).  

            Equations 5.2 can be used to predict protein self-interaction of a binary mixture 

using different resolutions of CG modeling. 1bC/D is particularly interesting as it is 

relatively fast and sensitive to charge-charge interactions. In Chapter 3, the 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 

concentration 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 self-interactions. This is more pronounced in a low 

ionic strength regime where electrostatic interactions are long-range due to the large 

Debye screening length. Both 1bAA and 1bC/D models were considered models 

sensitive to electrostatic interactions. However, in the 1bAA model, instead of using 

the atomic-level 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 center of charged 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 non-electrostatic short-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 bead is located at the geometric center of 

each amino acid. These beads are designed to contribute only to steric and non-

electrostatic short-range interactions. The same methodology of dedicating charged 

beads for the 1bC/D model can be used to set charge beads in a modified 1bAA 

model. The main modification is setting these specifically charged beads based on 

atomic-level resolution. This enhances the prediction of electrostatic interactions. 

These charge beads only contribute to steric and electrostatic interactions. Therefore, 

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 coefficient (ὄ ὄ ȟϳ ) 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 total ionic strength (TIS). The data was adapted from Calero-

Rubioôs doctoral dissertation thesis219. In the case of pH 5, 1bAA model (blue dashed 

line) provided a good quantitative prediction of ὄ ὄ ȟϳ  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 (brown) dramatically 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 at the same 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 accurate estimation 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 self-interactions of full monoclonal antibodies, 

MAb fragments, therapeutic nanobodies, and therapeutic fusion proteins.   
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Figure 5.1:   a) Experimental B22/B22,ST vs TIS with the best fit parameter sets from the 

1bAA CG model for aCgn. Blue squares (pH 5) and brown circles (pH 7) 

represent the experimental data while dashed lines represent the 

simulated values. The simulated values overlap with the experimental 

data except at the low-TIS conditions for pH 7. The information adapted 

from a prior doctoral dissertation219 b) Experimental B22/B22,ST vs 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 overlap 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 introduced 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 self-interactions for a poor soluble MAb C. This resulted in 

524 different simulations to rank charge residues in Wild-type protein at TIS 19 mM 

and 59 mM based on the corresponding ὄ  values of all charge-swap and charge-to-

neutral mutations. 

However, it is possible that one cannot obtain enough improvement in ὄ  by 

only single mutations, and extra point mutations or mutation combinations may be 

required to improve protein self-interactions. In this case, the total number of all 

possible mutations 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 number of mutations is not the only parameter that can result in a high number of 

simulations. Electrostatic and non-electrostatic short-range potentials introduced in 

Chapter 2, Section 2.2.2 included three parameters ‪, ‖ȟ and ‐ Ȣ These continuous 

parameters can result in a 3D phase space of all possible combinations. The number of 

simulations can increase up to ~103 order of magnitude if no experimental data exists.  

The last challenge is revisited and formalized based on total protein self-

interactions energy. The total interaction energy (E) is the sum of all pairwise 

electrostatic (Equation 2.4) and non-electrostatic short-range interactions (Equation 

2.5 or 2.6) between proteins and can be expressed by Equation 5.6. 
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Ὁ‪ȟ‖ȟήȟ‐ В ό ὶȟ‪ȟ‖ȟή ό ὶȟ‐              υȢφ 

where i and j are beads index, N is the total number of beads for one protein, ό  and 

ό represent electrostatic and non-electrostatic short-range interaction, ὶ is the 

distance between ith and jth beads and ή represents the set of charge distribution of 

the protein. The argument of E in the left-hand side of Equation 5.6 implies any 

change in ‪, ‖ȟ and ‐  parameters and mutations (ή) can impact protein self-

interactions.  

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

equation 5.7. 

 

ɜ ‪ȟ‖ȟήȟ‐ ȟ

ɜ ‪ ȟ‖ ȟή ȟ‐ ȟ

ộ‎ “ϳ Ớ

ộ‎ “ϳ Ớ
                   υȢχ 

where ɜ is a multidimensional cluster integral in order of (Ὥ Ὦ ὰ ά). The 

index i, j, l and m represent the number of states corresponding to each parameter. For 

example, for set of ‪ȟ‖ ȟή ȟ‐ ȟȟ  ‪  means there are 8 different ‪ 

parameters, ‖  means there are 10 different total ionic strength, ή  means there 

are 131different charge distribution and ‐ ȟ means there are 5 different short-range 

interactions parameters need to be calculated. However, ɜ which represents the 

cluster integral of reference depends on single fixed set values of model parameters for 

a given protein. ‎  and ‎  are the corresponding integrand of cluster integral 

(ɜ ) and reference (ɜ ) respectively and “ ‎ .   

           The most important feature of Equation 5.7 is that a multidimensional cluster 

integral can be calculated using only one simulation. That is because the right-hand 

side of equation 5.7 is being updated based on reference-only 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 model was used to 

predict the B22 values of all charge-to-neutral mutations for aCgn at 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 corresponding B22 values of each 

mutation. This resulted in 23 different simulations. Using only one simulation, the 

extended MS algorithm was also used to calculate all charge-to-neutral mutations. To 

do that, the WT sequence of aCgn at TIS 60 mM was used as a reference of the system 

(i.e., “ ‎ ‎ ). Also, the same model parameters of reference were 

used to calculate the corresponding B22 values of each mutation. In this case, the 

multidimensional cluster integral in Equation 5.7 can be simplified and reduced to a 

one-dimensional vector represented by Equation 5.8.  

 

ɜ‪ ȟ‖ ȟήȟ‐ ȟ

ɜ ‪ ȟ‖ ȟή ȟ‐ ȟ

ộ‎ “ϳ Ớ

ộ‎ “ϳ Ớ
            υȢψ 

where ɜ is a vector with length l. Here ὰ ςσ as there are 23 different charge 

distribution (ή ) corresponding to each charge-to-neutral mutation. 

            A series of configurations were created and sampled based on “  to calculate 

and update both numerator and denominator of the right-hand side of Equation 5.8 

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

(ộ‎ “ϳ Ớ ) and then the corresponding Mayer function of each charge-to-

neutral mutations (‎) was calculated to update the enumerator (ộ‎ “ϳ Ớ ).  
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            Figure 5.2 compares the B22/B22,ST values of extended MS algorithm vs. those 

of MSOS algorithm. One observes that the extended MS algorithm returns B22/B22,ST 

values with high accuracy compared to the MSOS algorithm. Interestingly the 

computational burden of extended MS algorithm is similar to one simulation of MSOS 

algorithm. This is not surprising as the interaction potentials of all charge-to-neutral 

mutations can be calculated based on WT interaction energies.  

           Combined with Section 5.2.1, future work concerns the application of extended 

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 corresponding B22/B22,ST value of single charge-to-neutral 

mutation for aCgn, at pH 7, TIS 60 mM using the modified 1bAA model. 
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SUPPLEMENTARY INFORMATION:  TOWARD A SUITE OF COARSE-

GRAINED MODELS FOR MOLECULAR SIMULATION OF MONOCLONAL 

ANTIBODIES AND THERAPEUTIC  

PROTEINS 
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Figure A1: Experimental B22/B22,ST values from static light scattering for MAb 1 

(A), MAb 2 (B), MAb A (C), MAb B (D) and MAb C (E).6ï8 Values in 

panel (E) are designated as -G22/2B22,ST instead of B22/B22,ST because 

some values are so large that they indicate multi-body interactions at the 

experimental protein concentrations, rather than two-body interactions 

that are captured by B22
1.  
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Figure A2: Left: The number of atoms in MAb B that have SASA above a given 

cutoff value. 50.3% of the atoms have SASA > 0.2 Å2. Right: Percent 

deviation of all- atom steric-only simulations of the second virial 

coefficient as a function of SASA. Percent deviation was defined as 

ρππz
ȟ ȟ

ȟ
. 

Table A1: Valence values for HEXA beads for all conditions. The HEXA domains 

are Fv (VL + VH), C1 (CL + CH1), C2 (CH2 + CH2) and C3 (CH3 + CH3), 

where are two domains for both Fv and C184,83. 

MAb (pH)  C3 C2 C1 FV Total 

MAb 1 (5) 5.56 10.14 9.21 2.61 39.3 

MAb 1 (6.5) -0.40 3.64 5.08 0.31 14.0 

MAb 2 (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 15.5 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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MAb C (5) 1.56 15.5 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 MAb at the given pH value 84,83. 

MAb (pH)  VH CH1 CH2 CH3 VL CL Total 

MAb 1 (5) 1.89 6.27 5.07 2.78 0.72 2.94 39.3 

MAb 1 (6.5) 0.29 4.53 1.82 -0.20 0.02 0.55 14.0 

MAb 2 (5) 2.79 2.27 1.15 2.89 2.61 1.94 27.3 

MAb 2 (6.5) 2.02 0.53 -1.44 -0.19 2.02 -0.45 5.0 

MAb A (5) 3.79 7.18 7.75 0.78 6.42 0.83 53.5 

MAb A (8) 1.94 4.02 4.01 -2.98 4.94 -1.99 19.9 

MAb B (5) -0.84 5.37 3.15 -1.11 2.53 1.72 21.6 

MAb B (8) -3.06 3.01 0.01 -4.97 0.94 -0.99 -10.1 

MAb C (5) 0.25 8.18 7.75 0.78 0.57 1.72 38.5 

MAb C (8) -1.07 5.02 4.01 -2.98 -1.06 -0.99 5.87 

 

 

Table A3: Relative hydrophobicity values (ei, dimensionless) and bead diameters 

(si, angstroms) for the 1bAA model, where i denotes the chemical 

identity of the amino acid. Reproduced from Blanco et al., J. Phys. Chem. 

B 2013, 117, 1601398. 

 

residue 
si 

(Å) 
ei residue 

si 

(Å) 
ei 

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 5.95 0.10 Cys 4.92 0.54 

Ser 5.28 0.11 Trp  6.70 0.64 

Arg 7.32 0.13 Val 6.05 0.65 
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Gln 6.35 0.13 Met 6.32 0.67 

Pro 5.62 0.14 Ile 6.36 0.84 

Thr  5.81 0.16 Phe 6.95 0.91 

Gly 4.31 0.17 Leu 6.55 1.00 

 

 

 

Table A4: Residue indices for each domain in the DODECA and 1bC/D models. 

Indices start at the N-terminal amino acid for the heavy or light chain. 

 

Domain Residue Index 

MAb 1 & 2 V L 1-107 

MAb 1 & 2 C L 108-214 

MAb 1 & 2 V H 1-118 

MAb 1 & 2 C H1 119-234 

MAb 1 & 2 C H2 244-357 

MAb 1 & 2 C H3 358-474 

MAb A & C V L 1-111 

MAb A & C C L 112-216 

MAb A & C V H 1-121 

MAb A & C C H1 122-232 

MAb A & C C H2 233-344 

MAb A & C C H3 345-447 

MAb B V L 1-113 

MAb B C L 114-217 

MAb B V H 1-120 

MAb B C H1 121-230 

MAb B C H2 231-340 

MAb B C H3 341-444 
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Figure A3: Geometric features for the HEXA and DODECA models. Reproduced          

from Calero-Rubio et al., J. Pharm. Sci 2018, 107, 1269. 

 

 

Table A5:    Charged site diameters (sci, angstroms) for charged sites in a given amino 

acid for the 1bC/D model, where i denotes the chemical identity of the 

amino acid8. For data shown in the main text, ῳ  was chosen to be 3 Å 

(e.g., the bead diameter for the charged oxygen site in Glu was 6.8 Å). 

Amino Acid sci (Å) 

Lys  3.7 

Arg  3.4 

His  3.4 

Glu  3.8 

Asp  3.8 
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Figure A4:   DODECA (left) and HEXA (right) surface response of ARD as a function 

of eSR and y for MAb 1 at pH 5 as an example. Because HEXA and 

DODECA are much more computationally efficient, a global 

optimization was performed for both ‐  and ‪ which takes into account 

the contribution from short-ranged non-electrostatic interactions at 

intermediate TIS as well (e.g., 100 mM). For monotonic profiles of 

B22/B22,ST vs. TIS, the difference in the resulting ‐  values between the 

two procedures was negligible.  

 

Table A6: Domain bead diameters (s, nm) for the HEXA and DODECA models 

(independent of MAb identity) and the 1bC/D model for each MAb84. 

Model si (nm) 

HEXA  4.4 

DODECA 3.5 

MAb 1 1bC/D 3.1 

MAb 2 1bC/D 3.35 

MAb A 1bC/D 2.7 

MAb B 1bC/D 2.9 

MAb C 1bC/D 3.1 
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Figure A5:  B22,ST as a function of the domain bead diameter for MAb 1 (black), 2 

(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 

B22,ST. The curves for MAbs 1 and 2 overlap due to domain beads 

covering more charged sites as bead diameter is increased. The effect of 

charged beads and non-planar structure of domain beads can also be seen 

in the lower value of bead diameter for all MAbs compared to 3.5 nm for 

DODECA. 

 

 

 
Figure A6:  B22/ B22,ST as a function of ‐ , where electrostatic interactions are ignored 

(i.e., ‪ π) for (left) HEXA (red) and DODECA (blue), and (right) 

1bC/D for MAbs 1 (solid black), 2 (dashed blue), A (dotted green), B 

(dash-dotted yellow), and C (dash-dot-dotted purple).  
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Figure A7: Left: Experimental B22/B22,ST measurements (black) and simulated 

predictions with ɣ that minimized ARD for HEXA (blue), DODECA 

(green), 1bC/D (yellow) and 1bAA (purple). Right: ARD for HEXA, 

DODECA, 1bC/D and 1bAA as a function of ɣ. The self-association 

behavior (i.e., Case i, ii or iii) is listed in the titles of each panel. 
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Figure A8:  ARD as a function of ‪ for the putative hydration layer (ῳ ) for the 

1bC/D model for values of 0 Å (black), 0.75 Å (blue), 1.5 Å (green), 2.25 

Å (yellow), and 3 Å (purple). The self-association behavior (i.e., Case i, 

ii or iii) is listed in the titles of each panel. 
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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)   

 
 

   

 
Figure B2: Excess heat capacity at constant pressure profile for WT at TIS 59 

mM(red) and TIS 19 mM (navy).  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 

repulsions18. 
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Figure B3: Excess heat capacity at constant pressure profile for WT (royal) and 

variants (red) for TIS 19 mM. 
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SUPPLEMENTARY INFORMATION: PREDICTING EXPERIMENTAL B22 

VALUES AND THE EFFECT OF HISTIDINE CHARGE STATES FOR 

MONOCLONAL ANTIBODIES USING COARSE -GARINED MOLECULAR 

SIMULATION   
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Figure C1: Excess Rayleigh ratio profile vs protein concentration (c2) for IgG4-2, 

IgG4-1, and IgG1 at pH 5.5 and 7.0 at illustrated TIS200. 

 

 

 
Figure C2:  Simulated ὄᶻ as a function of non-electrostatic short-range interaction 

parameter (‐ ) for IgG1 (black square), IgG4-1 (red circle) and IgG4-2 

(blue triangle).  
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Figure C3: Probability Density distribution of finding specific His residue fully 

protonated (ὖ ) or neutral (ὖ ) in log scale for IgG4-2 at pH 5.5 as a 

function of protein-protein interaction energy at different TIS (left 

column), the fraction of ὖ ὖϳ as a function protein-protein interaction 

energy for each His residue (right column). The value of ὖ  (ὖ ) 

overlies for all His residues.  
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