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Abstract 

Protein–protein interactions are vital for cellular function. Computational methods that 

predict the high-resolution structures of protein–protein complexes offer functional 

insights and guide rational engineering efforts to identify potential therapeutic targets, or 

modify protein binding affinities and specificities. With the scope of structural biological 

simulations expanding rapidly, there is a need for the protein complex prediction methods 

to adapt to the increasing complexity. So I have developed tools to expand their capacity 

beyond idealized protein–protein docking. In this thesis, I detail my work focusing on 

developing new methods to account for the effects of a critical environmental factor, pH, 

on protein complexes, and further advancements to address other protein interaction 

challenges. First, I developed Rosetta-pH, a fast and efficient method to calculate the pKa 

values of protein residues that commonly exhibit variable protonation states. I studied the 

effects of incorporating increasing levels of protein conformational flexibility on the pKa 

calculations, and tested the method’s efficacy in capturing large pKa shifts in 

Staphylococcal nuclease point mutants. Second, I utilized the knowledge of residue pKa 

values to develop pHDock, the first protein–protein docking method that can sample side-

chain protonation states on-the-fly during the docking simulation. pHDock generates more 

accurate models for the protein complexes compared to the conventional docking method 

(RosettaDock) with fixed protonation states. I also demonstrated that pHDock can be 

further expanded to include binding affinity calculations by using it to predict a large pH-

dependent binding affinity change in the Fc–FcRn complex. Third, I expanded 

RosettaDock to address diverse challenges in CAPRI (Critical Assessment of PRediction 

of Interactions), a world-wide blind protein interaction prediction challenge. Specifically, 
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I developed methods to predict structures of water molecules at protein–protein interfaces, 

dock flexible sugar–protein complexes, discriminate natural and designed protein 

interfaces, and predict effects of mutations on binding affinities of protein complexes. 

Fourth, I used a cross-docking study to develop a structural basis to discriminate protein 

binders from non-binders by identifying native antibody–antigen interaction pairs among 

cognate and non-cognate complexes. I demonstrated a decrease in the prediction accuracy 

when using bound and unbound coordinates, and homology models, respectively, for the 

antibodies, potentially related to a drop in the interface hydrogen bond formation due to 

backbone inaccuracies. In summary, I have developed methods to incorporate pH effects 

on protein–protein complexes and expanded existing docking methods to target binding 

predictions and interactions involving non-protein biomolecules. The diversity of 

biomolecular problems requires computational methods to be versatile; my contributions 

expand their capabilities to encompass more biologically realistic docking problems. 

Advisor: Professor Jeffrey J. Gray (Chemical and Biomolecular Engineering) 
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 Chapter 1 

Introduction 

Proteins are one of the fundamental classes of biological macromolecules and protein–

protein interactions are critical for cellular function. Advances in proteomics have enabled 

high-throughput studies focused on experimental identification of protein–protein 

complexes.1 However, such studies do not offer detailed insights required for further 

functional studies, identification of putative therapeutic target sites, or rational engineering 

of protein binding affinities and specificities. Hence structural studies of protein–protein 

complexes are paramount. Unfortunately, experimental methods used for structural studies 

such as X-ray crystallography and nuclear magnetic resonance (NMR) are laborious, time 

consuming, and sometimes impossible. Computational prediction of the structure of 

protein–protein complexes using “docking” methods can complement the experimental 

analyses.  

Docking methods benefit from rapid advances in the scale of computational resources and 

can be exploited to generate high-resolution structures of protein complexes. The methods 

need to move beyond idealized protein–protein complex predictions to inform recent 

structural biological simulations expanding to cellular-level interactomes. There is a need 

for the methods to encompass more realistic challenges including accounting for effects of 

environmental conditions, estimation of binding affinities, and evaluation of the role of 

other biomolecules involved in the protein complexes. In this introduction, I will outline 

the importance of a critical environmental factor, pH, which strongly influences protein 

complexes; the biophysics underlying the Rosetta molecular modeling suite used for the 

study; and finally, the need for expansion of the suite to address docking problem diversity. 
1 

 



1.1 Importance of cellular pH 

 

 

Figure 1.1 Cellular-pH varies widely across the membrane-bound organelles. pH in the 
cellular compartments can vary from highly acidic in the lysosomes (~pH 5)  to basic in the 
peroxisomes (~pH 8), directly influencing protein folding and assembly. The figure is 
replicated with permission from “Sensors and regulators of intracellular pH” by Casey, J.R. 
et al. 2010. Nature Reviews Molecular Cell Biology. 2  

The organelle-based compartmentalization in eukaryotic cells allows them to maintain 

distinct environmental conditions and helps segregate protein function.2 

Compartmentalization aids tight control of the local cellular pH, and cellular pH in turn 

modulates posttranslational modification by protons crucial for regulating biological 

function.3 As shown in Figure 1.1, cellular pH can vary from highly acidic in the lysosomes 

(~pH 5) to basic in the peroxisomes (~pH 8),4 thereby directly influencing fundamental  

biophysical processes including protein folding and assembly.5,6 pH has been shown to 

play a vital role in pathological conditions. For example, influenza surface glycoprotein 

hemagglutinin induces fusion between the viral and target cell’s membranes by undergoing 
2 

 



a drastic pH-dependent conformational change between neutral-pH and the acidic fusion-

pH (~pH 5) (Figure 1.2).7  

 

Figure 1.2 pH affects influenza viral membrane fusion. X-ray crystal structures of 
Influenza hemagglutinin at neutral pH (pH 7.0) and fusion pH (pH 5.0) demonstrate the 
drastic conformational change critical for viral and host membrane fusion. The figure is 
replicated with permission from “Structure of influenza hemagglutinin in complex with an 
inhibitor of membrane fusion” by Russell, R.J. et al. 2008. PNAS.7   

Finally, pH also strongly influences enzyme activity,8 and it is an important factor for 

engineering robust industrial enzymes. Computational modeling of the effect of pH on 

protein structure can not only help us understand fundamental biophysical processes, but 

also provide insights which can be exploited to improve accuracy of the current molecular 

modeling approaches. Modeling pH effects not only requires accurate estimation of the 

relative molecular free energies, but also a flexible modeling framework capable of 

accounting for biophysical phenomena such as conformational flexibility which can be 

computationally expensive. In the next section, I introduce the fast, efficient, and flexible 

Rosetta biomolecular modeling suite as a powerful tool for studying pH effects. 
3 

 



1.2 Rosetta biomolecular modeling suite 

Rosetta is primarily a Monte Carlo-based biomolecular modeling suite and has been 

successfully used in a wide range of applications.9–18 Rosetta-based structure prediction 

algorithms are generally stochastic and broadly comprise (i) generation of a set of 

conformations spanning the conformational space available to the biomolecules, or 

“sampling”, and (ii) estimation of the free energies of the generated conformations using 

an energy function, or “scoring”.  

1.2.1 Sampling 

Rosetta’s object-oriented design19 allows rapid creation and testing of a wide-range of 

“moves” to generate structures spanning the vast conformational search space available to 

the biomolecules. Rosetta uses internal coordinates to represent structures; instead of using 

three dimensional Cartesian coordinates, the position of each atom is determined based on 

a set of bond lengths, bond angles, and torsion angles. The bond lengths and bond angles 

in Rosetta are generally held fixed20 (although there have been recent attempts to allow 

flexibility by representing structures using Cartesian coordinates21), but the biomolecules 

are free to sample conformations spanning several other degrees of freedom. For example, 

in proteins, Rosetta moves can range from perturbations in the backbone (φ, ψ, ω) or side-

chain (χ) torsion angles of the amino-acid residues to, in the case of protein–protein 

complexes, translational and rotational moves of an entire protein chain relative to another. 

1.2.2 Scoring 

The approximate free energies of the generated conformations are then calculated using a 

score function with an aim to find the free energy minima for the biomolecular system. The 
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standard Rosetta score function (𝐸𝐸std) is a linear combination of terms including a 

Lennard–Jones potential (𝐸𝐸vdw), an implicit solvation potential (𝐸𝐸sol),22 an orientation-

dependent hydrogen bonding potential (𝐸𝐸hbond),23 a side-chain torsional potential 

(𝐸𝐸dun),24 a knowledge-based residue pair term (𝐸𝐸pair) based on the probability of 

proximity of two amino acids in the PDB,25 and reference potentials for each of the amino 

acids to model the unfolded state.    

𝐸𝐸std =  𝐸𝐸vdw+ 𝐸𝐸sol + 𝐸𝐸hbond+ 𝐸𝐸dun+ 𝐸𝐸pair +  𝐸𝐸ref 

Until recently, the standard Rosetta score function did not include an explicit term for 

electrostatics. It instead relied on a combination of 𝐸𝐸sol (Born energy of ion burial), 𝐸𝐸pair 

(ion–ion pair interactions), and 𝐸𝐸hbond (salt bridges) to capture the electrostatic effects. 

1.3 RosettaDock and the need to transcend idealized protein–protein 

docking 

Protein–protein interactions are crucial for cellular function. Computational protein–

protein docking algorithms provide a means to uncover the structural details of protein 

complexes which can offer functional insights or be used for further downstream studies 

such as inhibitor design. From a biophysical perspective, protein–protein docking 

algorithms are also a fundamental test of the energetics (as the native complex is almost 

always at the global free energy minimum) and can guide improvements in the energy 

functions used by molecular modeling studies.  

Given the fundamental importance of the protein–protein docking problem, Gray et al.26 

developed a Rosetta-based docking algorithm, RosettaDock, several years ago. The 
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docking algorithm was later expanded by Chaudhury et al. (EnsembleDock27) to allow 

protein backbone flexibility, and further by Sircar et al. (SnugDock28) to focus on accurate 

treatment of flexibility in antibody–antigen complexes. These docking algorithms have 

been successfully employed for various Critical Assessment of PRediction of Interactions 

(CAPRI) targets,16,29,30 although there were also several reported instances of docking 

failures due to sampling and scoring deficiencies.  

 

Figure 1.3 RosettaDock protein–protein docking prediction. As part of the CAPRI 
challenge, RosettaDock was successfully used to predict the complex of the double-
headed arrowhead protease inhibitor API-A with two molecules of bovine trypsin (Target 
40).16 The inhibitor of the predicted complex (deep blue) of targets 40.CA and 40.CB is 
superimposed on the respective inhibitor as found in the crystal structure of the complex 
(cyan). Recent CAPRI challenges have extended beyond idealized protein–protein docking 
predictions. 

Recent work has expanded the horizon of structural biological simulations to cellular-level 

interactomes,31–35 indicating the need for docking algorithms to adapt and face current and 

emerging challenges. These challenges include docking proteins in diverse environmental 

conditions and employing the algorithms for related modeling problems including binding 

affinity predictions and docking other non-protein biomolecules.  
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As described earlier, pH is a critical environmental factor that strongly influences protein–

protein interactions. pH effects are important in protein–protein binding and contribute to 

the association energy of most protein–protein complexes.36,37 But Rosetta’s energy 

function does not include any terms for explicit pH-dependence. Instead, investigators have 

assembled the energy function by combining physical and statistical potentials, and 

calibrating by the ability to identify native-like structures and sequences9,11,38 and to predict 

free-energy changes upon mutation.39,40 So Rosetta-based docking algorithms completely 

ignore the pH effects, limiting their accuracy and utility.  

The latest CAPRI rounds41 also presented far more diverse and challenging targets 

compared to the previous rounds. The problems included prediction of water molecules at 

the binding interface after prediction of complex structure, flexible sugar–protein docking, 

and prediction of mutation effects on binding affinities of protein complexes. Rosetta-

based docking algorithms are not equipped to address such a diverse array of challenges. 

Hence there is a need to expand RosettaDock beyond idealized protein–protein docking.  
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1.4 Outline of the thesis 

In this thesis, I aim to create a protocol to account for pH effects in protein–protein docking 

calculations and broaden the scope of the docking algorithms to target more diverse 

molecular modeling challenges. The remainder of the thesis is organized as follows: 

In chapter 2 (previously published42), I develop Rosetta-pH, a Monte Carlo method to 

calculate the pKa values of protein residues that commonly exhibit variable protonation 

states (Asp, Glu, His, Tyr, and Lys), and use it to calculate pKa values for 264 residues 

from 34 proteins. I study the effects of incorporating increasing levels of protein 

conformational flexibility on the pKa calculations, and test the method’s efficacy in 

capturing large pKa shifts in Staphylococcal nuclease point mutants. 

In chapter 3 (previously published43), I combine Rosetta-pH with RosettaDock to create 

pHDock, the first pH-sensitive protein–protein docking method that can sample residue 

protonation states dynamically during docking. I test the method on a dataset of 161 protein 

complexes, and demonstrate that it consistently outperforms RosettaDock in docking 

accuracy and generates higher-quality docking models. I also demonstrate that pHDock 

can be further expanded to include binding affinity calculations by using it to predict a 

large pH-dependent binding affinity change in the Fc–FcRn complex.  

In chapter 4 (previously published44–48), I expand Rosetta suite to address diverse 

molecular modeling problems offered by CAPRI, a blind world-wide protein interaction 

prediction challenge. I create and successfully employ Rosetta-based protocols for 

prediction of water molecules at a protein–protein interface, pH-sensitive docking, and 
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modeling sugar–protein interactions. I also identify Rosetta’s limitations in binding affinity 

predictions. 

In chapter 5, I use a cross-docking study to explore Rosetta’s capability to discriminate 

protein binders from non-binders by identifying native antibody–antigen interaction pairs 

among cognate and non-cognate complexes. I also test the effects of antibody backbone 

accuracy on binding predictions using bound and unbound coordinates, and homology 

models of the antibodies for docking.  

In chapter 6, I summarize my key contributions to the expansion of current protein docking 

algorithms, and suggest future directions to improve the accuracy and utility of the 

algorithms. 
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Chapter 2 

Rapid calculation of protein pKa values using Rosetta 

Previously published as: 

Kilambi, K. P. & Gray, J. J. Rapid calculation of protein pKa values using Rosetta. Biophys. 

J. 103(3), 587–595 (2012). 

Reprinted with the permission of the publisher, Cell Press, Inc. with minor revisions. 

2.1 Summary 

In this chapter, I describe the development of a Rosetta-based Monte Carlo method to 

calculate pKa values of protein residues that commonly exhibit variable protonation states 

(Asp, Glu, Lys, His and Tyr). I tested the technique by calculating pKa values for 264 

residues from 34 proteins.  The standard Rosetta score function, which is independent of 

any environmental conditions, failed to capture pKa shifts. After incorporating a Coulomb 

electrostatic potential and optimizing the solvation reference energies for pKa calculations, 

a method allowing side-chain flexibility achieved a root-mean-square deviation (RMSD) 

of 0.83 from experimental values (0.68 after discounting 11 predictions with an error over 

2 pH units). Additional degrees of side-chain conformational freedom for the proximal 

residues facilitated capture of charge-charge interactions in a few cases and achieved an 

overall RMSD of 0.85 pH units. Adding backbone flexibility increased overall RMSD to 

0.93 pH units but improved relative pKa predictions for proximal catalytic residues. The 

method also captures large pKa shifts of lysine and some glutamate point mutations in 

Staphylococcal nuclease. Thus, a simple and fast method based on the Rosetta score 
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function and limited conformational sampling produces pKa values that will be useful when 

rapid estimation is essential, as in docking, design and folding. 

2.2 Introduction 

Biological processes are profoundly influenced by the pH of their local cellular 

environment. For example, protein folding, enzyme catalysis and protein–protein 

interactions are all pH-dependent.5,49,6 Variations in pH can affect protein–protein binding 

energies by as much as 50%,36 and variable amino acid protonation states due to pH can 

result in significantly different complex conformations during small molecule docking 

calculations50 Rosetta, a highly successful biomolecular modeling and design package, 

does not have any dependency on pH.  In this chapter, I add pH dependency to Rosetta and 

calibrate relevant parts of the energy function based on the ability to calculate residue pKa 

values. 

Fast and accurate evaluation of residue pKa values will help to design better drugs and more 

robust industrial enzymes that are stable and active over a range of pH values. The 

calculation of pKa values can identify the strengths and deficiencies of the energy function, 

particularly the electrostatic components.51 Also, the availability of a large number of 

experimentally determined pKa values allows benchmarking of energy functions to capture 

the effects of pH.52 I am especially interested in improving Rosetta’s ability to dock protein 

or small-molecule ligands to proteins, which is currently limited in the case of binding sites 

containing charged atoms, as Rosetta’s algorithms do not account for alternate residue 

charge states. 
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Existing computational pKa prediction algorithms can be broadly classified into four major 

branches and hybrid approaches. The first branch solves or approximates the Poisson-

Boltzmann equation using grid-based continuum electrostatic models53–58 with diverse 

dielectric constants (typically in the range of 4-20) to represent the protein interior. These 

methods have sometimes been found to overestimate the effects of charge-charge 

interactions59 and often require several minutes to hours to estimate the pKa value for a 

single residue. The second branch employs all-atom molecular dynamic simulations60–65 

using either explicit (AMBER/ CHARMM force fields) or implicit solvent models 

(generalized Born potential). The third branch comprises quantum mechanics/molecular 

mechanics (QM/MM) based methods that treat the part of protein containing the titratable 

residue using ab-initio QM and the rest of the protein environment using MM.66,67 Finally, 

there is a branch that uses a variety of empirical approaches with some methods employing 

geometric based dielectric constants and empirical approximations for solvation, 

electrostatic and hydrogen-bonding models.68–73 Each branch of prediction methods holds 

a distinct set of advantages with the empirical approaches generally being computationally 

less expensive and the more rigorous approaches benefiting from fundamental explanations 

of the underlying physical interactions. Studies typically report a prediction RMSD of less 

than 1 pH unit from experimental pKa values.  

Although the diversity in the array of current pKa prediction algorithms is encouraging, 

developing a method that can incorporate extensive conformational flexibility while 

retaining a relatively small computational resource footprint remains a significant 

challenge. Complex phenomena including local conformational changes and coupled 

ionization pairs continue to make computational pKa predictions difficult. Some 
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approaches tackle conformational flexibility through MD snapshots, explicit side-chain 

sampling or use of NMR structures.54,56,74–77 However, capturing conformational flexibility 

is expensive. Fast computations are needed in order to use pKa calculation methods in 

protocols such as protein–protein docking or design, which themselves require generation 

of a large set of target conformations.  

The fast and efficient Rosetta framework can thus be used for rapid estimation of pKa 

values that can be useful for further calculations in structure prediction and design. 

Rosetta’s physically-based all-atom energy function (with terms for Van der Waals, 

solvation, hydrogen bonding, etc.) is pairwise-additive and has been very successful in a 

wide range of applications (e.g., Refs.9–16,78). Nevertheless, Rosetta’s energy function does 

not include any explicit dependence on environmental conditions such as temperature, salt 

or pH. Instead, the energy function has been assembled by combining physical and 

statistical potentials and calibrating by the ability to identify native-like structures and 

sequences11,26,38,79 and to predict free energy changes upon mutation.39,40 Thus, in this 

work, I begin adding environmental dependence into the Rosetta energy function by using 

pKa shifts to calibrate the Rosetta score function’s dependence on environmental pH. 

In the remainder of this chapter, I describe a fast and simple physics-based method 

(Rosetta-pH) to estimate pKa values of five residue types with varied protonation states 

(Asp, Glu, His, Tyr and Lys). After showing that the standard Rosetta energy function 

cannot alone predict pKa shifts, I add electrostatic terms and modify the solvation potential 

to create an improved score function. I then explore varying levels of conformational 

flexibility and test the performance of the method on a set of large pKa shifts used in recent 

blind predictions.80  
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2.3 Results 

2.3.1 Preliminary pKa predictions 

The standard all-atom Rosetta score function comprises several terms including a Lennard–

Jones potential, an implicit solvation potential and an orientation-dependent hydrogen-

bonding term. However, none of Rosetta’s standard score terms depend on the pH of the 

environment.   Consequently, Rosetta assumes constant, standard side-chain protonation 

states for the ionizable amino acids irrespective of pH: Asp and Glu are assumed to be 

deprotonated, His and Tyr are assumed to be neutral, and Lys and Arg are assumed to be 

protonated. To resolve this issue, I created a means to treat variable protonation states of 

amino acids.  

2.3.1.1 Protonation potential 

First, I added a protonation potential based on the probability of protonation of individual 

amino acid residues at a given pH. I used a simplified version of the potential described by 

Onufriev, Case and Ullmann81 that has been used in pKa estimations56,57 and prediction of 

binding affinities.82 The probability of protonation (𝑓𝑓prot) of an amino acid is  

𝑓𝑓prot =
1

10pH−Ip𝐾𝐾𝑎𝑎 + 1
 , 

 

and the protonation potential (𝐸𝐸pH) is  

𝐸𝐸pH = �
−𝑘𝑘𝐵𝐵𝑇𝑇 ln𝑓𝑓prot                       if protonated       

 −𝑘𝑘𝐵𝐵𝑇𝑇 ln(1 − 𝑓𝑓prot)            if deprotonated,    

where pH is defined by the environment, and Ip𝐾𝐾𝑎𝑎 is the unperturbed intrinsic pKa value 

of the model compound in solution (4.0 for Asp, 4.4 for Glu, 6.3 for His, 10.0 for Tyr and 
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10.4 for Lys). 𝑘𝑘𝐵𝐵𝑇𝑇 was assigned a value of 0.59 kcal/mol, corresponding to a temperature 

of 298K. The free energy gap of protonation between protonated and deprotonated variants 

of a residue, Δ𝐸𝐸pH, is 2.3𝑘𝑘𝐵𝐵𝑇𝑇(pH − Ip𝐾𝐾a).  

Table 2.1 Rosetta’s residue atom types. The atom types determine solvation, Van der 
Waals and hydrogen bonding parameters for the amino acid protonation variants.   

 
Residue 

 

Atom types 

ATOM CHARMM 
Standard 

protonation 
variant 

Non-standard 
protonation 

variant 

Asp† 
{Oδ1} or {Oδ2} {OD1} or {OD2} OOC OH 
{Hδ1} or {Hδ2} {HD1} or {HD2} - Hpol 

Glu† 
{Oε1} or {Oε2} {OE1} or {OE2} OOC OH 
{Hε1} or {Hε2} {HE1} or {HE2} - Hpol 

His‡ 
{Nδ1} or {Nε2} {ND1} or {NE2} Nhis Ntrp 
{Hδ1} or {Hε2} {HD1} or {HE2} - Hpol 

Tyr 
Oζ OH OH OOC 
Hζ HH Hpol - 

Lys 
Nζ NZ Nlys NH2O 
Hζ3 3HZ Hpol - 

 
†For protonated Asp and Glu, sample atom types are shown for both the possible 
protonation states (with H atoms on Oδ1/ Oδ2 and Oε1/ Oε2 atoms).                                                                                                                                       
‡For neutral His, the atom types for both the possible tautomers are shown (with H atom 
on Nδ1 and Nε2 atoms). 

2.3.1.2 Updating residue atom types 

Second, to accumulate non-standard charge state amino acid variants, the residue atom 

types were updated to reflect the changes in the protonation state (Table 2.1). For example, 

in the case of protonated Asp, the definition of terminal Oδ atom was modified from a 

carboxyl oxygen (‘OOC’) in the standard residue to a hydroxyl oxygen (‘OH’) in the 
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protonated variant. The atom types determine the solvation and Van der Waals parameters 

and the ability to donate or accept hydrogen bonds.  

2.3.2 pKa predictions fail using the standard Rosetta score function 

pKa values for the assembled dataset of 264 residues were initially evaluated using the 

protonation potential and the standard Rosetta score function. pKa values were evaluated 

using single backbone conformation for x-ray crystal structures and by averaging over the 

ensemble of models for NMR structures. The predicted pKa values plotted against 

experimental pKa values in Figure 2.2a are ‘flat’; that is, the calculated pKa values 

demonstrate negligible shifts from the reference values. Only a few residues, such as H43 

from Streptomyces subtilisin inhibitor (3SSI) show shifts (with the pKa shifting to 2.0 from 

the reference value of 6.3). Most shifts can be attributed to steric hindrance from the 

neighboring residues that renders the protonated variants highly unfavorable. The RMSD 

of predicted pKa values relative to experimental pKa values is 1.0 pH units. In comparison, 

the null-model, where all pKa values are assumed to be unshifted from the reference 

intrinsic pKa values, produces an RMSD of 0.94 pH units.  

These results are not surprising considering that Rosetta’s standard score function does not 

include a term for Coulomb electrostatics. Instead, Rosetta relies on a combination of an 

implicit solvation potential to capture the Born energy of ion burial,22 a statistical residue 

pair term  to account for ion-ion pair interactions25 and an orientation-dependent hydrogen 

bonding term23 that rewards salt bridges. For the non-standard residue protonation variants, 

the solvation and hydrogen bonding scores are affected by the changed atom types. But the 

residue pair-energy term (Epair) is based on the probability of proximity of two amino acids 

in the PDB (normalized by the frequencies of residue-residue pairs in a given burial 
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environment). Since the protonation states of residues are not known in PDB crystal 

structures, the pair statistics do not differentiate the protonated and deprotonated forms.  

2.3.3 Rosetta-pH score function is optimized for pKa prediction 

The shortcomings of the standard Rosetta energy function led us to modify it in two ways. 

First, to explicitly evaluate electrostatic effects, I added a simple form of a Coulomb 

electrostatic potential with a distance-dependent dielectric for gradual shielding at 

increasing interatomic distances.83 It includes a cap at short range and a shift to become 

zero at a long-range cut-off.  The energy between atoms i and j is  

𝐸𝐸elec
𝑖𝑖𝑖𝑖 =

⎩
⎪
⎨

⎪
⎧ 322𝑞𝑞𝑖𝑖𝑞𝑞𝑖𝑖 �

1
𝜀𝜀min𝑟𝑟min

−
1

𝜀𝜀max𝑟𝑟max
�             𝑟𝑟𝑖𝑖𝑖𝑖 ≤ 𝑟𝑟min              

322𝑞𝑞𝑖𝑖𝑞𝑞𝑖𝑖 �
1
𝜀𝜀𝑟𝑟𝑖𝑖𝑖𝑖

−
1

𝜀𝜀max𝑟𝑟max
�                    𝑟𝑟min <  𝑟𝑟𝑖𝑖𝑖𝑖 < 𝑟𝑟max

 
 0                                                                     𝑟𝑟𝑖𝑖𝑖𝑖 ≥ 𝑟𝑟max                 

 

where q1 and q2 are atomic charges, rij is the distance between atoms i and j, and ε is the 

dielectric constant which is estimated as ε  = 10r. The short and long range cut-off 

distances, rmin and rmax, are 1.5 Å and 5.5 Å, respectively, with εmin = 10rmin and εmax = 

10rmax. The partial charges (qi) for the side-chain atoms in standard amino acid variants 

and non-standard protonation states were obtained from CHARMM27.84 For deprotonated 

Tyr, the parameters were obtained from the quantum chemical calculations by Rabenstein 

et al.85 The total Coulomb energy, Eelec, is evaluated by summing 𝐸𝐸elec
𝑖𝑖𝑖𝑖  over all pairs of 

atoms in the protein. 

My second modification to the Rosetta score function arose from the solvation term. 

Rosetta uses the Lazaridis–Karplus implicit model for solvation22 where the score for an 

atom i is evaluated as 
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𝐸𝐸solv𝑖𝑖 = Δ𝐺𝐺𝑖𝑖ref −�𝑓𝑓�𝑟𝑟𝑖𝑖𝑖𝑖�𝑉𝑉𝑖𝑖
𝑖𝑖≠𝑖𝑖

  

where rij is the distance between atoms i and j, Vj  is the volume of neighbor atom j, 𝛥𝛥𝐺𝐺𝑖𝑖ref is 

reference solvation energy based on a fully solvated atom, and 𝑓𝑓�𝑟𝑟𝑖𝑖𝑖𝑖� is the solvation free 

energy density estimated by the Gaussian exclusion function (see 22 for details). The total 

solvation energy for a residue, Esolv, is evaluated by summing 𝐸𝐸solv𝑖𝑖  over all its atoms. 

To test the effects of solvation on the side-chain protonation state, I plotted the difference 

in solvation energies between the protonated and deprotonated variants (ΔEsolv) against the 

degree of burial from solvent for all residues from the pKa prediction dataset (Figure 2.1). 

Negligible differences were observed in solvation scores between protonated and 

deprotonated variants in residues exposed to the solvent (< 15 neighboring atoms), 

indicating equal preference for either variant.  Solvation scores in Rosetta are zero for 

atoms exposed to solvent, because the Lazaridis-Karplus reference energy (Δ𝐺𝐺𝑖𝑖ref) has been 

displaced by a separate reference score (aaref) derived using sequence recovery over a 

dataset of proteins.38 However, for solvent exposed residues, considering alternate 

protonation states, the potential should favor the charged variant. Therefore, I derived 

reference scores for the five non-standard protonation variants using a linear regression 

that minimizes the predicted pKa RMSD over a subset of randomly selected 200 pKa values 

(~ 3/4th of total dataset).  For example, for Asp the pKa predictions are optimal if the 

reference score for the protonated state shifts up by 0.59 score units relative to the 

deprotonated variant. Table 2.2 details the resulting reference scores. 
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Table 2.2 Reference scores (aaref ) for amino acid side chain protonation variants. 

 Reference score 
Residue Standard  

protonation variant 
Non-standard 

protonation variant 
Asp -0.67 -0.08 
Glu -0.81 -0.68 
His 0.56 -0.03 
Tyr 0.51 0.97 
Lys -0.65 -0.52 

 

 

 

Table 2.3 pKa prediction RMSD by residue type and prediction method. 

 No. of χ 
angles 

 
Null 

Model 
 

 
Standard 
Rosetta 

 
 

Rosetta-pH score function 

Site 
repack 

Neighbor 
repack 

Ensemble 
average 

Asp 2 0.96 1.1 

 

0.81 0.87 0.83 
Glu 3 0.83 0.88 0.92 0.88 0.92 

His 2 1.0 1.2 0.82 0.86 1.0 
Tyr 2 1.2 0.96 0.77 0.84 1.2 
Lys 4 0.59 0.65 0.67 0.62 0.71 

All - 0.94 1.0 0.83 0.85 0.93 
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Figure 2.1 Solvation energy distributions for charged and uncharged residue variants. (a 
- e) Difference in the solvation energy (ΔEsolv) between charged and neutral variants of 
ionizable residues plotted versus the number of neighbor atoms (heavy atoms within 6 Å 
of the residue).  (f) The distribution of fraction of total residues in the dataset as a function 
of the number of neighbor atoms. 
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2.3.4 Testing effects of varying degrees of protein flexibility 

2.3.4.1 Flexible target side chain 

I employed the new energy function and evaluated pKa values by sampling the χ angles and 

protonation states of the target residue with the remaining protein held rigid. The method 

resulted in an RMSD of 0.83 pH units over the entire dataset (Figure 2.2b). Excluding 11 

outliers that have prediction errors over 2 pH units, the remaining 253 residues have an 

RMSD of 0.68. 92% of the predictions differed less than 1.5 pH units from the experimental 

values, and more than half of them were accurate to within 0.5 pH units.  

 

Figure 2.2 Correlation between predicted and experimental pKa values. The correlation 
is calculated using the standard Rosetta score function (a) without an explicit electrostatic 
potential and (b) with a distance-dependent Coulomb potential and calibrated solvation 
reference energies. In (a), the prediction plots are flat (no shifts from the intrinsic pKa 
values denoted by ‘+’ symbols) whereas in (b), 78% of the pKa predictions are within 1 pH 
unit from the experimental values (dashed lines).  
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Figure 2.3 Correlation between predicted and experimental ΔpKa values. The correlation 
is calculated using (a) the standard Rosetta score function and the Rosetta-pH score 
function employing (b) flexible target side chain, (c) flexible neighboring side chains and 
(d) average over a backbone ensemble of 50 structures. ΔpKa values are evaluated with 
respect to the reference intrinsic pKa values.  

Note: The RMSD values based on pKa and ΔpKa values are equivalent:  

 �∑(∆p𝐾𝐾a
pred−∆p𝐾𝐾a

exp)2 
𝑛𝑛

= �∑((p𝐾𝐾a
pred−Ip𝐾𝐾a)−(p𝐾𝐾a

exp−Ip𝐾𝐾a))2 
𝑛𝑛

= �∑(p𝐾𝐾a
pred−p𝐾𝐾a

exp)2 
𝑛𝑛
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The overall accuracy of the pKa predictions usually decreased as the number of residue 

side-chain degrees of freedom increased (Table 2.3). The predictions are more accurate in 

the case of Asp, His and Tyr (two χ angles) with overall prediction RMSD values of 0.81, 

0.82 and 0.77 compared to 0.92 in the case of Glu (three χ angles). Though the RMSD for 

Lys residues (four χ angles) is 0.67, it is still higher than null-model RMSD of 0.59.  

To improve the accuracy of predictions and understand the limitations of the method, I 

inspected residues with large pKa errors. In the case of E17 and E26 from calbindin D9k 

(4ICB), calculating the pKa values for each residue separately resulted in pKa predictions 

of 5.3 and 5.2,  compared to experimental values of 3.6 and 4.1, respectively.86 These two 

glutamate residues are structurally proximal (Figure 2.4a) and are involved in strong 

charge-charge interaction; hence the large pKa prediction errors can be attributed to the 

unrealistic assumption that the neighboring Glu residue is deprotonated across the entire 

range of pH values during titration. Therefore, the pKa predictions are upshifted due to the 

high energetic penalty resulting from electrostatic repulsion.  

I also examined whether the pKa predictions could identify the correct proton donor among 

the catalytic residues in hen egg white lysozyme (2LZT) and Bacillus circulans xylanase 

(1XNB). The catalytic sites of both lysozyme and xylanase have a Glu residue with large 

upshifted pKa value that acts as a proton donor and a proximal carboxylic acid residue with 

a lower pKa value that serves as a nucleophile.87,88 The Rosetta-pH method predicted pKa 

values of 3.8 and 2.9 for the E35-D52 pair in lysozyme and 3.0 and 4.1 for E172-E78 pair 

in xylanase. The experimental pKa values for the E35-D52 pair in lysozyme are 6.2 and 

3.7, respectively, and those for E172-E78 pair in xylanase are 6.7 and 4.6, respectively. 

Thus, a ranking of residues by their calculated pKa values identified the correct proton 
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donor in the case of lysozyme (pKa
E35 > pKa

D52) but failed in the case of xylanase. However, 

the method was unable predict the large upward shifts in the pKa values of Glu residues in 

either case. The upward shifts were likely absent because, in this formulation, neighbor 

residues did not sample alternate protonation states. Thus, charge-charge interactions of 

proximal residues capable of adapting variable protonation states were not captured. 

 

Figure 2.4 Effects of conformational flexibility (a) Interacting neighbor residues E17 and 
E26 from calbindin D9k (4ICB) are more accurately predicted when neighbor side chain 
flexibility and protonation are allowed. (b) A structural model of RNase H (2RN2) 
generated using RosettaRelax (blue) compared to the native structure (cyan). D10 is 
closer to D70 in the model, resulting in a shift in the predicted pKa value of the D10 from 
4.0 using the native structure to 5.5 using the relaxed model. The experimental pKa value 
for D10 is 6.1. (c) Structural model of H227 from phospholipase C (1GYM) has no space 
for a proton and thus highly favors the default (deprotonated) variant, resulting in a 
predicted pKa of 2.7. 

2.3.4.2 Flexible and protonatable neighbor side chains 

With an aim to improve the treatment of local charge-charge interactions, I added 

conformational sampling of standard and alternate-charge-state side-chain rotamers of all 

the residues within 6 Å of the target residue. This approach allowed simultaneous sampling 

of variable protonation states for the E17-E26 pair from calbindin D9k (Figure 2.4a) and 

improved the predicted pKa values to 3.7 and 4.1 respectively (experimental pKa values are 
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3.6 and 4.1 respectively). The pKa prediction accuracy for the E17-E26 pair is encouraging, 

as determining the optimal titration order in an ionizable pair is difficult when the 

difference between the respective residue pKa values is small relative to the interaction 

energy involved.89  

However, the method still could not capture the large upward shift in the pKa values of Glu 

residues in the catalytic sites of lysozyme and xylanase. The method predicted pKa values 

of 3.7 and 2.7 for the E35-D52 pair in lysozyme and 2.7 and 4.7 for the E172-E78 pair in 

xylanase. For xylanase, the method predicted a higher pKa value for E78 relative to E172 

thereby incorrectly identifying E78 as the proton donor and E172 as the nucleophile during 

catalysis. Thus, in this case, additional side-chain flexibility did not improve the accuracy 

of pKa predictions. 

Over the complete dataset, adding neighbor side-chain sampling decreased the number of 

outliers from 11 to 7. However, in a few cases, sampling the extra side-chain conformations 

resulted in additional deviations (up to 0.3 pH units). Thus, the RMSD for predicted pKa 

values (Figure 2.5a) over complete dataset increased to 0.85 (0.73 excluding the outliers). 

The percentage of pKa predictions within an error of 1 pH unit dropped slightly from 78% 

to 76%.  

2.3.4.3 Flexible backbone 

For a second level of protein flexibility, I extended conformational sampling to the protein 

backbone. For cases with x-ray crystal structures, in order to explore the effects of a flexible 

backbone it is first necessary to create an ensemble of backbone structures. I generated a 

conformational ensemble for each protein using RosettaRelax.11,90 RosettaRelax uses MC 
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sampling employing small backbone dihedral angle (φ, ψ) perturbations followed by side-

chain packing and minimization of the score function along the gradient in torsion space. 

Fifty structural models were generated for each protein starting from its x-ray crystal 

structure. To enable comparisons with rigid backbone methods over the complete dataset, 

I also generated ensembles for NMR structures by choosing NMR Model 1 as the starting 

structure. The conformers generated using this protocol form a dense cluster with models 

under 1 Å Cα RMSD from native structure. 27 

 

Figure 2.5 Correlation between predicted and experimental pKa values when using 
additional flexibility. (a) neighbor repacking and (b), (c) structural ensemble of 50 
backbone conformations. (b) pKa distribution for each generated structure in the 
ensemble. (c) average pKa value over the ensemble. The pKa predictions are highly 
sensitive to local side-chain and backbone conformational changes.  
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For each residue, pKa values were separately evaluated using each of the fifty generated 

backbone models in the ensemble. As illustrated in Figure 2.5b, the predicted pKa values 

for each residue were distributed over a wide range, demonstrating the sensitivity of pKa 

predictions to even small backbone conformational changes. Using the average pKa value 

for each residue over the ensemble resulted in a similar distribution to the one observed 

using a single representative structure (Figure 2.5c). The RMSD values for Asp, Glu and 

Lys were comparable to those evaluated without accounting for backbone flexibility (0.83, 

0.92 and 0.71 respectively compared to 0.81, 0.92 and 0.67) but the RMSD values for His 

and Tyr were far less accurate (1.0 and 1.2 respectively, compared to 0.82 and 0.77). The 

average pKa values had an RMSD of 0.94 pH units over the complete dataset.  

Figure 2.4b shows D10 from ribonuclease H (2RN2), a representative example 

demonstrating the effect of backbone variation. A small backbone perturbation in one of 

the models generated using backbone relaxation reduces the distance between D10 and 

D70, resulting in an increase in the predicted pKa value from 5.0 when using the crystal 

structure to 5.5, closer to the experimental pKa value of 6.1. In contrast, in the case of H227 

from phospholipase C (1GYM, Figure 2.4c), whose experimental pKa value is 6.9, the 

predicted pKa drops dramatically from 6.6 when using the crystal structure to 2.7 with the 

backbone ensemble. The pKa shifts down because the backbone relaxation created a tightly 

packed core that only fits the deprotonated version of His.  That is, since the RosettaRelax 

protocol does not use alternate protonation states of residues in conformational sampling, 

it used the deprotonated His and compacted the structure too tightly to fit a hydrogen atom. 

Thus, use of a backbone conformational ensemble improved the accuracy of some pKa 
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predictions but also resulted in significant downshifts in pKa values for a few residues with 

stabilized deprotonated variants.  

The increase in conformational degrees of freedom did not help in recovering the large 

upward shift in pKa values of catalytic Glu residues in lysozyme and xylanase. Though the 

predicted pKa value of 3.3 for D52 in lysozyme (experimental pKa 3.7) was more accurate 

than predictions of 2.9 and 2.7 while sampling the target residue and neighboring side 

chains respectively, the method predicted a pKa value of 3.6 for E35 compared to 

experimental pKa value of 6.2. However, the additional backbone flexibility allowed the 

method to identify the correct proton donor among catalytic residues in xylanase, as the 

predicted pKa value of 3.5 for E172 was higher than the predicted pKa value of 2.2 for E78.  

2.3.5 Extreme pKa shifts – the Staphylococcal nuclease set 

In my main dataset, the majority of the residues have pKa shifts under 1.5 pH units, and a 

few residues shift up to 3.5 pH units. The Garcia-Moreno lab has recently acquired 

experimental data for a large number of pKa values for mutants at various positions in the 

highly stable Δ+PHS variant of Staphylococcal nuclease (SNase). Some ionizable groups 

in hydrophobic regions shift their pKa values by as much as 5 pH units from their intrinsic 

pKa values.91–98 The dataset of pKa values has recently been used in a large-scale 

community-wide blind pKa prediction challenge (“The pKa  Cooperative”) for assessment 

of published pKa prediction methods.80  

To test the efficacy of my method in predicting large pKa shifts, I applied the optimized 

Rosetta-pH method to the SNase model system, with conformational flexibility limited to 

the target residue.  
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Figure 2.6 Large pKa shifts: correlation between predicted and experimental pKa shifts 
for Staphylococcal nuclease (SNase) mutants. 

Figure 2.6 shows the correlation between predicted and experimental pKa values 

represented relative to their shift from reference pKa values. Encouragingly, the pKa 

prediction RMSD for the set of Lys residues was 1.3 compared to a null-model RMSD of 

3.4. The RMSDs for predictions in the case of Glu and Asp residue sets were 2.1 and 3 pH 

units respectively (corresponding null-model RMSDs were 2.4 and 2.9). Though the large 

pKa shift of the K66 mutant was predicted accurately (predicted pKa 5.3; experimental pKa 

5.6), the method was unable to predict the large upshifts in the pKa values of Asp and Glu 

mutants at the same position (predicted pKa values of 3.6 and 4.4; experimental pKa values 

of 8.7 and 8.5, respectively).  Experimental studies observed a network of internal water 

molecules in the case of E66 mutant99 and a local conformational transition in the case of 

D66 mutant,100 and sensitivity of the pKa values to the SNase global stability;94 these effects 

are difficult to capture. Other pKa prediction methods using continuum electrostatics 

resorted to high dielectric constants (ε ≈ 10) to reproduce the magnitude of the pKa shifts.  
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2.4 Discussion 

I developed a novel method, Rosetta-pH, that rapidly calculates the pKa values of a diverse 

dataset. 78% of the predictions are within 1 pH unit of the experimental pKa values. The 

score function used for predictions includes a simple distance-based dielectric Coulomb 

potential that substantially increases the accuracy of pKa predictions compared to the 

standard Rosetta score function. Coulomb interactions play a significant role in stabilizing 

the charged variants of buried residues to balance the effects of desolvation.80 However, it 

is perhaps surprising that employing a simple Coulomb potential generates pKa predictions 

with an RMSD of 0.83 pH units using a single flexible target side chain. In comparison, 

the latest published versions of the widely used pKa prediction algorithms MCCE258 and 

PROPKA370 report RMSDs of 0.90 and 0.79, respectively, over their corresponding 

datasets comprising 305 and 293 residues (Note that using RMSD values to guide 

optimization of pKa calculation algorithms does not guarantee physically realistic models, 

and RMSD values are highly dependent on the pKa datasets used for calibration52). The 

successful prediction of large pKa shifts in Staphylococcal nuclease point mutants also 

justifies the efficacy of the fast and simple Coulomb electrostatic treatment. 

Besides the score function, pKa prediction is influenced by the extent of conformational 

sampling. Other studies besides ours have explored the effects of side-chain56,74,77 and 

backbone60,61,65 flexibility. For example, significant improvements in pKa prediction 

accuracy were reported by Gunner et al.,101 Witham et al.76 and Song102 who employed 

Gromacs relaxation, MD snapshots, and Rosetta refinement, respectively, to incorporate 

backbone effects in MCCE pKa calculations. Similarly in Rosetta-pH, additional side-chain 

flexibility resulted in more accurate estimation of charge-charge interactions, and 
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additional backbone flexibility improved relative pKa predictions in catalytic residues. 

However, over the complete dataset, the prediction RMSD values increase from 0.83 to 

0.85 and finally reach 0.94 pH units as I extend the sampling from a single side chain to 

multiple neighboring side chains and finally to the protein backbone (Table 2.3). One 

explanation for the reduced accuracy is simply the noise in the energy introduced by 

additional motions throughout the large protein. A second explanation for the dip could be 

that the diversity of the generated backbone ensemble inaccurately represents the solution-

state flexibility when alternate protonation states are possible. For example, during 

ensemble generation the RosettaRelax protocol does not dynamically alter residue 

protonation states, thus biasing the structures towards standard protonation variants. 

Considering variable protonation states and calibrating RosettaRelax to generate an 

ensemble of thermodynamic states that can be used in Boltzmann-weighting for pKa 

estimations might improve pKa prediction accuracy.  

My treatment of the pKa calculations was also very simple in that it defined the pKa as the 

pH where the lowest-energy state changed, rather than calculating the average over an 

ensemble of different protonated and deprotonated states at each pH. A more rigorous 

thermodynamic treatment would need to capture titration dynamics through collection of 

side-chain rotamer frequencies during titration and reproduce titration curves to estimate 

pKa values. Such a treatment could better capture cases where multiple structures make 

important contributions to the thermodynamic ensemble or where ionization effects are 

coupled. 

The standard Rosetta standard score function has been very successful in protein folding, 

design and docking. But before this work the score function had not been developed to 
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handle pKa calculations. pKa predictions are extremely sensitive to the electrostatic 

treatments, so my hope is that these protocols will aid in improving and fine-tuning the 

Rosetta score function. Further studies with the pKa protocol can be used to test alternate 

electrostatic and solvation potentials in Rosetta such as Poisson-Boltzmann treatments 

using matched interface and boundary method based solvers103 and semi-explicit solvation 

potentials.104 Ultimately, such calculations may also help introduce other environmental 

factors such as temperature and salt concentration105,106 in the Rosetta score function, but 

work is needed to reconcile the new score terms with the standard score function that is 

finely tuned for structure prediction and design applications. 

The major goal of my study was to develop a fast method for identifying the most favorable 

protonation state at a given pH. While a full titration requires ~15-30 CPU seconds 

depending on the extent of conformational flexibility, Rosetta-pH can evaluate the most 

favorable protonation state at a given pH in less than a second. The meager computational 

requirements make Rosetta-pH sufficiently fast to dynamically sample, predict and alter 

various probable protonation states on-the-fly during other calculations. Combined with 

the object-oriented design of Rosetta modeling suite,19 it is now possible to integrate 

alternate protonation states and pH contexts into other protocols such as protein folding, 

docking and design.  
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2.5 Methods 

2.5.1 Experimental pKa dataset 

2.5.1.1 Main dataset 

A diverse set of experimental pKa values were collected for Asp, Glu, His, Tyr and Lys 

from previous studies68,69,107,108 (see Table S4). Residues missing absolute pKa values but 

instead reported to be within a specific range of pH values were omitted.  The set comprised 

264 amino acid residues, including 76 aspartates, 73 glutamates, 76 histidines, 17 tyrosines 

and 22 lysines. The protein structures containing these residues include 33 x-ray crystal 

structures, 5 NMR structures and one structure determined using neutron diffraction. 94% 

of the selected x-ray crystal structures were determined at a resolution of 2.2 Å or better. 

Water and ligands were removed from the structures. 

2.5.1.2 Staphylococcal nuclease dataset  

A second smaller test set comprised pKa values of all wild-type and mutant residues from 

either the standard or the highly stable Δ+PHS variant of Staphylococcal nuclease for 

which crystal structures were available. The dataset included Asp residues at positions 19, 

21, 40 and 95 and Glu residues at positions 10, 43, 52, 57, 67, 73, 75, 101, 122, 129 and 

135 from the wild-type Δ+PHS SNase (3BDC). The dataset also included Lys mutants at 

positions 25 (3ERQ), 34 (3ITP), 38 (2RKS), 62 (3DMU), 66 (2SNM), 72 (2RBM), 92 

(1TT2), 103 (3E5S), 104 (3C1F) and 125 (3C1E); Glu mutants at positions 25 (3EVQ), 38 

(3D6C), 66 (1U9R), 72 (3ERO), 91 (3D4D), 92 (1TQO) and 104 (3H6M); and Asp mutants 

at positions 66 (2OXP) and 92 (2OEO).  
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2.5.2 Standard Rosetta score function 

The standard Rosetta score function includes a Lennard–Jones potential to model the Van 

der Waals potential (with parameters modified from CHARMM19), the Lazaridis–Karplus 

Gaussian exclusion implicit solvation model,22 an orientation-dependent hydrogen-

bonding term,23 a term based on the probability of proximity of two amino acids,25 a 

statistical potential for the free energies of the amino-acid side-chain rotamers24 and 

reference energies for each amino acid that are summed to approximate the free energy of 

the denatured state.38 

2.5.3 pKa derivation 

During titration in Rosetta-pH, when pH = pKa,  

𝐸𝐸total
prot = 𝐸𝐸total

deprot 

𝐸𝐸pH
prot + � 𝐸𝐸𝑖𝑖

prot

energies
except pH

=  𝐸𝐸pH
deprot + � 𝐸𝐸𝑖𝑖

deprot

energies
except pH

 

𝐸𝐸pH
prot − 𝐸𝐸pH

deprot = − � (𝐸𝐸𝑖𝑖
prot − 𝐸𝐸𝑖𝑖

deprot)
energies
except pH

 

2.3𝑘𝑘𝐵𝐵𝑇𝑇(pH − Ip𝐾𝐾a) = − � (𝐸𝐸𝑖𝑖
prot − 𝐸𝐸𝑖𝑖

deprot)
energies
except pH

 

Substituting pH = p𝐾𝐾a, I get 

p𝐾𝐾a = Ip𝐾𝐾a −
1

2.3𝑘𝑘𝐵𝐵𝑇𝑇
� (𝐸𝐸𝑖𝑖

prot − 𝐸𝐸𝑖𝑖
deprot)

energies
except pH
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where 𝐸𝐸total =  𝐸𝐸vdw+ 𝐸𝐸sol+ 𝐸𝐸elec + 𝐸𝐸hbond+ 𝐸𝐸dun + 𝐸𝐸pH+ 𝐸𝐸ref and the summations are 

taken over all score types excluding the protonation potential (𝐸𝐸pH).  

𝐸𝐸𝑖𝑖
protand 𝐸𝐸𝑖𝑖

deprotare scores of the protonated and deprotonated variants, and Ip𝐾𝐾𝑎𝑎 is the 

unperturbed intrinsic pKa value of the model compound in solution. The ‘deprotonated’ 

residues include the -1 charge states of Asp, Glu and Tyr, and the neutral His and Lys 

residues. All other alternate residue charge states are considered to be ‘protonated’.  

While the total scores 𝐸𝐸total
protand 𝐸𝐸total

deprotare intended to represent free energies, they only 

include enthalpy and the water entropy (via the solvation score), and neglect protein 

entropy.   

2.5.4 pKa calculations 

 

 

Figure 2.7 Algorithm for calculating amino acid pKa values using lowest energy 
conformers. 
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In Rosetta pKa calculations, the pH is titrated from 1 to 14 with Monte Carlo (MC) sampling 

of protonated and deprotonated side chains with χ angles sampled from a backbone-

dependent rotamer library,24 irrespective of the protonation state. I used an expanded 

rotamer library including additional rotamers that are one and two standard deviations 

away from the base rotamers, as I noted slight improvements in pKa prediction accuracy 

with extra side-chain sampling. Each rotamer configuration is accepted or rejected using 

the Metropolis criterion and the Rosetta score function. The conformational degeneracy in 

the protonated variants of Asp and Glu (with H atoms on either of the terminal Oδ and Oε 

atoms respectively) is explicitly incorporated by accommodating both possible protonated 

versions for the residues during sampling. The χ angles for protons in the protonated 

variants are sampled at their canonical angles (-60, 60, 180) and ±20 degrees. For neutral 

His, both possible tautomers (with proton on either Nδ1 or Nε2 atoms) are sampled.  

Protonation states of the lowest energy conformers sampled during the side-chain 

conformational search were recorded during every pH step of the calculation. Figure 2.7 

shows the flowchart for the algorithm. An initial titration was carried out in intervals of 1 

pH unit starting with pH of 1 until a change in protonation state was observed, whereafter 

a finer sampling interval of 0.1 pH unit was employed in the appropriate coarse interval. 

The pKa was identified as the pH value at which the lowest energy conformer of the residue 

shifted from the protonated to deprotonated state. In the case of NMR structures, the entire 

ensemble of available structural models was used and the mean of the calculated pKa values 

over the structural dataset was used as representative pKa for the residue.       
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2.5.5 Rosetta command line 

The Rosetta command-line arguments and scores used for the calculations in the chapter 

are as follows. 

(a) Sampling just the target residue side chain 

pH_protocol.<exe> –database <path_to_rosetta_database>  
–s 2OVO.pdb –no_output      
–pH_mode  
–pka_for_resnos 7 27 –pka_for_chainno A  
–core:weights pH_standard.wts  
–ex1 –ex1:level 3 –ex2 –ex2:level 3  
–extrachi_cutoff 0 –use_input_sc  

where pKa values are calculated for residues 7 and 27 from chain A and 2OVO.pdb  

(b) Sampling the neighboring side chains along with the target residue 

pH_protocol.<exe> –database <path_to_rosetta_database>  
–s 2OVO.pdb –no_output 
–pH_mode –pH_neighbor_pack –pka_rad 6.0   
–pka_for_resnos 7 27 –pka_for_chainno A  
–core:weights pH_standard.wts  
–ex1 –ex1:level 3 –ex2 –ex2:level 3  
–extrachi_cutoff 0 –use_input_sc  

(c) Using RosettaRelax to generate backbone conformational ensemble 

relax.<exe> –database <path_to_rosetta_database>  
–s 2OVO.pdb –ignore_unrecognized_res –nstruct 50 

(d) The scores used for pKa calculations with their respective weights (pH_standard.wts) 

Score Type Weight 
fa_atr 0.8 
fa_rep 0.44 
fa_sol 0.65 

fa_intra_rep 0.004 
fa_dun 0.56 

hbond_lr_bb 1.17 
hbond_sr_bb 1.17 
hbond_bb_sc 1.17 
hbond_sc 1.1 
hack_elec 1.0 

e_pH 1.0 
ref 1.0 
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Table 2.4 Proteins used for pKa predictions.  Their reference PDB IDs, the method used 
for structure determination, resolution of determined structure (if applicable) and 
number of residues with experimental pKa values chosen for calculations are shown. 

Protein PDB  Method Resolution (Å) 
No. of  
pKas 

Silver pheasant ovomucoid 2OVO x-ray 1.50 13 

Bovine trypsin inhibitor 4PTI x-ray 1.50 12 

Hen egg white lysozyme 2LZT x-ray 1.97 17 

Turkey egg white lysozyme 135L x-ray 1.30 6 

Human lysozyme 1LZ1 x-ray 1.50 1 

Bovine ribonuclease A 3RN3 x-ray 1.45 13 

Ribonuclease A analog 3SRN x-ray 2.00 3 

Ribonuclease T1 
9RNT x-ray 1.50 14 

1YGW NMR - 14 

E.coli ribonuclease H 2RN2 x-ray 1.48 21 

S.aureofaciens  ribonuclease 1RGG x-ray 1.20 20 

Bromelain inhibitor VI 1BI6 NMR - 8 

Cyclophilin A 2CPL x-ray 1.63 2 

FK506 & rapamycin-binding protein 1FKS NMR - 2 

Horse metmyoglobin 1YMB x-ray 1.90 4 

Phosphatidylinositol phospholipase 1GYM x-ray 2.20 4 

Staphylococcal nuclease 1STG x-ray 1.70 3 

Streptococcal protein G 1PGA x-ray 2.07 10 

Barnase 1A2P x-ray 1.50 8 

Calbindin D9K 
4ICB x-ray 1.60 8 

2BCA NMR - 8 

Cobra cardiotoxin V 1KXI x-ray 2.19 2 

Erabutoxin B 3EBX x-ray 1.40 1 

Beta cryptogein 1BEO x-ray 2.20 3 
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Protein PDB  Method Resolution (Å) 
No. of  
pKas 

HIV-1 protease KNI-272 complex 1HPX x-ray 2.00 3 

Human deoxyhaemoglobin 4HHB x-ray 1.74 11 

Human oxyhaemoglobin 1HHO x-ray 2.10 10 

Carbonmonoxymyoglobin 2MB5 Neutron diff. - 9 

Human thioredoxin 1ERT x-ray 1.70 5 

Mouse epidermal growth factor 1EPI NMR - 6 

Ribosomal protein L9 1DIV x-ray 2.60 6 

Fibronectin cell adhesion module III-10 1FNA x-ray 1.80 4 

Mu class glutathione S-transferase 6GST x-ray 2.20 3 

Streptomyces subtilisin inhibitor 3SSI x-ray 2.30 2 

B.amyloliquefaciens subtilisin BPN' 1DUI x-ray 2.00 1 

B. circulans xylanase 1XNB x-ray 1.49 7 
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Table 2.5 Predicted pKa values. List of experimental predicted pKa values using 1) 
standard Rosetta score function 2) Rosetta-pH score function employing varying degrees 
of conformational flexibility including a single flexible target side chain (site repack), 
flexible neighboring side chains (neighbor repack) and the average over an ensemble of 
conformations (ensemble average). 

PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
2OVO Asp-7 A 2.4 4.1 3.3 3.2 2.8 
2OVO Asp-27 A 2.2 4.4 4.2 3.2 3.7 
2OVO Glu-10 A 4.1 4.5 4 3.9 3.9 
2OVO Glu-19 A 3.2 4.5 3.3 3.1 4.3 
2OVO Glu-43 A 4.8 4.5 4.6 4.5 4.5 
2OVO His-52 A 7.5 5.9 7.3 7.2 6.1 
2OVO Tyr-11 A 10.2 10.6 10.4 11.1 9.7 
2OVO Tyr-20 A 11.1 10.1 9.8 9.8 10.3 
2OVO Tyr-31 A 12.5 10.6 12.1 12.9 12.1 
2OVO Lys-13 A 9.9 10.2 10.2 10.4 11.3 
2OVO Lys-29 A 11.1 10.3 10.2 10.4 10.1 
2OVO Lys-34 A 10.1 10 10.3 10.4 10.2 
2OVO Lys-55 A 11.1 10.4 10.5 10.9 10.7 
4PTI Asp-3 A 3.6 4.1 3.6 3.6 3.6 
4PTI Asp-50 A 3.2 4.1 3.2 3.1 3.6 
4PTI Glu-7 A 3.9 4.5 3.9 3.5 4.3 
4PTI Glu-49 A 4 4.5 3.5 3.4 3.5 
4PTI Tyr-10 A 9.4 10.5 10.3 10.3 11.4 
4PTI Tyr-21 A 10 10.1 10.2 10.3 10.3 
4PTI Tyr-23 A 11 10.5 10.6 10.6 10.5 
4PTI Tyr-35 A 10.6 12.2 11.7 11.4 9.8 
4PTI Lys-15 A 10.4 10.4 10.5 10.6 10.5 
4PTI Lys-26 A 10.1 10.4 10.4 10.5 10.4 
4PTI Lys-41 A 10.6 10.2 10.2 10.3 10.4 
4PTI Lys-46 A 9.9 10.4 11.1 11.1 10.4 
2LZT Asp-18 A 2.7 4.1 3.1 2.6 1.8 
2LZT Asp-52 A 3.7 4.1 2.9 2.7 3.3 
2LZT Asp-87 A 2.1 4.1 3.4 2.7 2.6 
2LZT Asp-101 A 4.1 4.2 3.4 3.5 3.9 
2LZT Asp-119 A 3.2 4.1 3 2.9 2.9 
2LZT Glu-7 A 2.9 4.5 3.3 3.2 3.7 
2LZT Glu-35 A 6.2 4.4 3.8 3.7 3.6 
2LZT His-15 A 5.6 5.7 6.1 6.2 6.1 
2LZT Tyr-20 A 10.3 10.1 10.3 10.2 10.4 
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PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
2LZT Tyr-23 A 9.8 10.2 9.5 9.8 10 
2LZT Tyr-53 A 12.1 10.9 12.6 12.7 13.4 
2LZT Lys-1 A 10.6 10.2 10.4 10.5 10.6 
2LZT Lys-13 A 10.3 10.2 11.5 11.5 11.7 
2LZT Lys-33 A 10.4 10.2 10.5 10.8 10.1 
2LZT Lys-96 A 10.7 9.9 10.8 10.9 10.8 
2LZT Lys-97 A 10.1 10 10.6 11.1 10.5 
2LZT Lys-116 A 10.2 10.3 9.7 9.8 9.9 
3RN3 Asp-38 A 3.5 4.1 3.5 3.1 3.4 
3RN3 Asp-53 A 3.9 4.1 3.8 3.5 3.5 
3RN3 Asp-83 A 3.5 4.1 2.6 2.6 1.4 
3RN3 Asp-121 A 3.1 4.3 2.5 1.4 3 
3RN3 Glu-2 A 2.8 4.5 3 2.9 3.1 
3RN3 Glu-9 A 4 4.5 4.5 4.4 4.5 
3RN3 Glu-49 A 4.7 4.5 4.4 4.3 4.5 
3RN3 Glu-86 A 4.1 4.6 5.3 5.3 4.5 
3RN3 Glu-111 A 3.5 4.6 4.4 4.6 4.2 
3RN3 His-12 A 6.2 5.8 6.6 6.5 5.9 
3RN3 His-48 A 6 4.5 5.7 6.1 4.5 
3RN3 His-105 A 6.7 5.2 6.5 6.7 6.6 
3RN3 His-119 A 6.1 6.1 7 6.1 6.4 
2RN2 Asp-10 A 6.1 3.7 4 3.2 5.1 
2RN2 Asp-70 A 2.6 4.1 4.3 4.3 5.4 
2RN2 Asp-94 A 3.2 4.1 3.6 2.1 3.6 
2RN2 Asp-134 A 4.1 4.1 3.8 2.6 4.1 
2RN2 Glu-6 A 4.5 4.5 3.6 3.2 3.8 
2RN2 Glu-32 A 3.6 4.5 3.1 3.1 3.3 
2RN2 Glu-48 A 4.4 4.6 4.2 4.3 4.3 
2RN2 Glu-57 A 3.2 4.6 3 2.3 3.6 
2RN2 Glu-61 A 3.9 4.5 4.3 4.2 3.9 
2RN2 Glu-64 A 4.4 4.5 4.4 4.1 3.9 
2RN2 Glu-119 A 4.1 4.5 4 3.5 3.9 
2RN2 Glu-129 A 3.6 4.6 3.2 2.9 3.2 
2RN2 Glu-131 A 4.3 4.5 4.6 4.5 4.6 
2RN2 Glu-135 A 4.3 4.5 3.6 3.5 4.6 
2RN2 Glu-147 A 4.2 4.5 4.4 4.2 4.4 
2RN2 Glu-154 A 4.4 4.5 4.2 4.1 4.4 
2RN2 His-62 A 7 6.2 7.2 7.2 6.6 
2RN2 His-83 A 5.5 6.3 6.5 6.5 6.5 
2RN2 His-114 A 5 4 3.6 3.3 3.2 
2RN2 His-124 A 7.1 6.3 6.7 6.7 6.7 
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PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
2RN2 His-127 A 7.9 5.7 6.7 6.8 6.2 
9RNT Asp-3 A 3.5 3.6 2.6 2.7 3 
9RNT Asp-15 A 3.5 4.1 3 3 2.9 
9RNT Asp-29 A 4.3 4.1 3.2 2.8 4 
9RNT Asp-49 A 4.2 4.1 4 4 4.1 
9RNT Asp-66 A 3.9 4.1 4.1 3.3 3.6 
9RNT Glu-28 A 5.6 4.4 3.2 3.8 4.3 
9RNT Glu-31 A 5.4 4.5 4.8 4.7 4.6 
9RNT Glu-46 A 3.6 4.5 4.4 3.9 4.4 
9RNT Glu-58 A 4 4.5 3.5 3.2 2.8 
9RNT Glu-82 A 3.3 4.5 3.3 3.2 4.1 
9RNT Glu-102 A 5.3 4.5 4.4 4.2 4.5 
9RNT His-27 A 7 5.8 7 7 6.8 
9RNT His-40 A 7.5 6.3 8.3 7.9 7.1 
9RNT His-92 A 7.3 5 6.9 7 6.3 
1RGG Asp-1 A 3.4 4.1 3.7 3.7 3.9 
1RGG Asp-17 A 3.7 4.1 3.7 3.4 3.8 
1RGG Asp-25 A 4.9 4.1 4.1 4 4.2 
1RGG Asp-33 A 2.4 4.2 1.8 2 1.9 
1RGG Asp-79 A 7.4 4.3 4.2 4.3 3.3 
1RGG Asp-84 A 3 3.7 2.6 2.1 3.1 
1RGG Asp-93 A 3.1 4.1 3.8 3.3 3.2 
1RGG Glu-14 A 5 4.6 4.2 4.9 4.3 
1RGG Glu-41 A 4.1 4.5 4.5 3.1 4.4 
1RGG Glu-54 A 3.4 4.6 3.8 3.7 4.5 
1RGG Glu-74 A 3.5 4.5 4.5 4.5 4.6 
1RGG Glu-78 A 3.1 3.9 1.5 1.9 1.6 
1RGG His-53 A 8.3 6 7.3 7.4 7.6 
1RGG His-85 A 6.4 6.2 6.4 6.4 6.3 
1RGG Tyr-30 A 11.3 10.2 10.7 10.5 10.6 
1RGG Tyr-49 A 10.6 10.1 10.5 10.4 10.6 
1RGG Tyr-52 A 11.5 11.1 11.9 11.8 13.5 
1RGG Tyr-55 A 11.5 10.4 10.3 10.1 10.4 
1RGG Tyr-80 A 11.5 10.9 12.4 12.6 13 
1RGG Tyr-81 A 11.5 10.1 9.8 9.7 9.9 
2CPL His-70 A 5.8 6.1 6.2 6.2 5.9 
2CPL His-126 A 6.3 5.9 6.2 6.4 6.1 
1LZ1 His-78 A 7.1 6.2 6.9 6.9 6.5 

1YMB His-81 A 6.6 6.2 7.1 7.1 6.8 
1YMB His-36 A 7.8 5.7 6.7 6.7 6.6 
1YMB His-113 A 5.4 6.2 5.4 5.3 5 
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PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
1YMB His-116 A 6.6 6.1 6 6.1 6 
1GYM His-92 A 5.4 6 6.1 6.1 5.9 
1GYM His-82 A 6.9 6 7.1 7.1 6.3 
1GYM His-32 A 7.6 5.8 7.5 7.2 6 
1GYM His-227 A 6.9 5.6 6.6 6.7 2.7 
1STG His-46 A 5.7 6.1 6.1 6.1 6 
1STG His-8 A 6.8 6.2 6.9 7 7.2 
1STG His-124 A 6 6.3 6.2 6.3 5.3 
1PGA Asp-22 A 2.9 4.1 3.1 2.8 2.5 
1PGA Asp-36 A 3.8 4.1 3.8 3.8 3.6 
1PGA Asp-40 A 4 4.1 3.9 3.9 4 
1PGA Asp-46 A 3.6 4.1 3.3 2.9 3 
1PGA Asp-47 A 3.4 4.1 2.3 2.4 2.3 
1PGA Glu-15 A 4.4 4.5 4 3.8 4.4 
1PGA Glu-19 A 3.7 4.5 3.5 3.6 4.4 
1PGA Glu-27 A 4.5 4.5 3.4 4.1 4.4 
1PGA Glu-42 A 4.4 4.5 4.5 4.4 4.5 
1PGA Glu-56 A 4 4.4 3.3 3.2 3.2 
1A2P Asp-8 A 2.9 4.1 2.5 2.6 3.2 
1A2P Asp-12 A 3.8 4.1 2.7 2.7 2.9 
1A2P Asp-22 A 3.3 4.1 3.5 3.5 3.6 
1A2P Asp-44 A 3.4 4.1 3.6 3.6 3.5 
1A2P Asp-75 A 3.1 4.1 1.7 1.8 1.4 
1A2P Asp-86 A 4.2 3.9 2.4 2.8 2.7 
1A2P Glu-29 A 3.8 4.5 4.1 3.8 4.1 
1A2P Glu-60 A 3 4.5 3.1 3.1 4 
4ICB Asp-47 A 3 4.1 2.7 2.7 2.7 
4ICB Glu-4 A 3.8 4.5 4.5 3.7 4.2 
4ICB Glu-5 A 3.4 4.4 4.1 3.2 3.9 
4ICB Glu-11 A 4.7 4.5 4.5 4.4 4.6 
4ICB Glu-17 A 3.6 4.6 5.3 3.7 4 
4ICB Glu-26 A 4.1 4.5 5.2 4.1 4.6 
4ICB Glu-48 A 4.6 4.5 4.1 3.7 4.3 
4ICB Glu-64 A 3.8 4.5 4.6 4.5 4.4 
1KXI Asp-42 A 3.2 4.1 2.8 3 3.3 
1KXI Glu-17 A 4 4.5 4.5 4.4 4.5 
1BEO Asp-21 A 2.5 4.6 2.3 1.3 1.9 
1BEO Asp-30 A 2.5 4.2 3.4 2.7 3.2 
1BEO Asp-72 A 2.6 4.1 3.2 3.2 3.3 
1HPX Asp-29 A 3.2 4.1 2.7 2.7 2.4 
1HPX Asp-30 A 3.9 4.1 2.9 3.1 3.4 
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PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
1HPX Asp-60 A 3 4.3 3.4 3.1 2.9 
135L Asp-18 A 2.7 4.1 3 2.8 1.8 
135L Asp-52 A 3.8 3.9 3.8 3.8 3.7 
135L Asp-87 A 2.1 4.1 3.5 3.2 2.7 
135L Asp-119 A 3.4 4.1 3.2 2.6 2.7 
135L Glu-7 A 2.7 4.5 2.8 2.8 3.9 
135L Glu-35 A 6.1 4.5 3.9 3.9 3.5 
1DIV Asp-8 A 3 4.1 3.9 3.9 4 
1DIV Asp-23 A 3.1 4.1 3.5 3.7 3.3 
1DIV Glu-17 A 3.6 4.5 4.4 4.3 4.4 
1DIV Glu-38 A 4 4.5 4.4 4.3 4.5 
1DIV Glu-48 A 4.2 4.5 4.2 4.2 3.7 
1DIV Glu-54 A 4.2 4.6 3.9 4.3 3.4 
1XNB Asp-4 A 3 4.1 3.2 3.2 2.7 
1XNB Asp-11 A 2.5 4.1 2.6 2.6 2.5 
1XNB Asp-106 A 2.7 3.9 3.2 3.6 1.9 
1XNB Asp-119 A 3.2 4.2 2.5 2.4 2.9 
1XNB Asp-121 A 3.6 4.1 3.8 3.7 3.7 
1XNB Glu-78 A 4.6 3.8 4.1 4.7 2.2 
1XNB Glu-172 A 6.7 4.3 3 2.7 3.5 
4HHB His-20 A 6.9 6.2 7.1 7.1 7.1 
4HHB His-45 A 7.2 5.8 5.8 5.8 6.3 
4HHB His-50 A 7.2 4.6 6.5 6.1 6.3 
4HHB His-72 A 6.6 5.9 7.1 7.2 6.8 
4HHB His-89 A 7.2 6.1 6.8 6.7 6.5 
4HHB His-112 A 7.6 6.1 7.3 7.3 6.7 
4HHB His-2 B 6.4 6.2 6.9 6.9 6.6 
4HHB His-77 B 6.7 6.1 6.8 6.8 6.6 
4HHB His-117 B 8.2 5.9 7.3 7.1 6.4 
4HHB His-143 B 6.2 6.1 5.8 5.8 5.4 
4HHB His-146 B 7.1 6.2 7.2 7.2 6.4 
1HHO His-20 A 6.7 6.1 7.4 4.5 7.1 
1HHO His-45 A 7 6.3 6.6 6.5 6.5 
1HHO His-50 A 7.5 6.3 7.1 7.1 6.9 
1HHO His-72 A 6 6.1 7 7.1 7.1 
1HHO His-89 A 7.2 6.3 6.7 6.6 6.8 
1HHO His-112 A 7.5 5.4 5.5 5.6 6.3 
1HHO His-2 B 6.5 6 6.6 6.7 6.5 
1HHO His-77 B 6 6 7.1 7.1 6.9 
1HHO His-117 B 8 5.8 6 6.1 6.7 
1HHO His-146 B 7.9 6.1 6.8 6.8 5.9 
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PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
2MB5 His-12 A 6.3 6.3 6.7 6.6 6.8 
2MB5 His-36 A 8 5.4 6.5 6.6 6.8 
2MB5 His-48 A 5.3 6.3 6.8 6.6 6.6 
2MB5 His-81 A 6.6 6.2 7.1 7.1 6.8 
2MB5 His-97 A 5.6 6.1 6.7 6.7 5.2 
2MB5 Tyr-103 A 10.3 10.4 10.6 10.3 12.7 
2MB5 His-113 A 5.4 5.6 5.8 5.9 3.7 
2MB5 His-116 A 6.5 6.2 6.8 6.7 6.7 
2MB5 His-119 A 6.1 5.2 4.6 4.6 6.1 
1ERT Glu-13 A 4.8 4.5 4.6 4.5 4.5 
1ERT Asp-16 A 3.7 4.1 4 4 3.9 
1ERT Asp-20 A 3.6 4.1 3.3 3.1 3.8 
1ERT His-43 A 5.5 6 6.8 6.7 6.5 
1ERT Glu-103 A 4.9 4.5 4.5 4.6 4.6 
1FNA Glu-38 A 3.8 4.5 3.5 3.3 4.3 
1FNA Glu-47 A 3.9 4.5 3 2.5 4.2 
1FNA Asp-67 A 4.2 4.1 4.1 2.8 3.8 
1FNA Asp-80 A 3.4 4.1 3.8 3.8 3 
3SRN His-12 A 6 5.9 6.2 6.1 5.7 
3SRN His-105 A 6.5 4.6 5.4 5.5 6.3 
3SRN His-119 B 6.2 6 5.9 6.1 6.4 
6GST His-83 A 5.2 5.8 6.2 6.2 6 
6GST His-84 A 7.1 6.2 6.8 6.8 6.9 
6GST His-167 A 7.8 5.9 6.8 6.9 6.6 
3SSI His-43 A 3.2 2 1.8 1.6 1.4 
3SSI His-106 A 6 5.8 6.1 6.1 6.1 
3EBX His-6 A 2.8 5.4 4.9 5.1 5.3 
1DUI His-64 A 7.2 5.6 7.2 7.3 6.5 

1YGW Asp-3 A 3.5 4.1 3.5 3.4 3.1 
1YGW Asp-15 A 3.5 4.2 3.7 3.7 2.9 
1YGW Asp-29 A 4.3 4.1 3.9 3.5 4 
1YGW Asp-49 A 4.2 4.1 3.8 3.8 3.9 
1YGW Asp-66 A 3.9 4.1 3.6 3.4 3.3 
1YGW Glu-28 A 5.6 4.5 4.8 4.5 4.8 
1YGW Glu-31 A 5.4 4.5 4.8 4.6 4.7 
1YGW Glu-46 A 3.6 4.5 4.2 4.3 4.5 
1YGW Glu-58 A 4 4.6 4 3.8 3.4 
1YGW Glu-82 A 3.3 4.4 4.3 4.6 4 
1YGW Glu-102 A 5.3 4.5 4.6 4.5 4.2 
1YGW His-27 A 7 5.8 6.5 6.4 6.8 
1YGW His-40 A 7.5 5.7 6.3 6.2 6.9 
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PDB Residue Chain Expt pKa 
Std 

Rosetta 
pKa 

Site 
repack 

pKa 

Neighbor 
repack 

pKa 

Ensemble 
average 

pKa 
1YGW His-92 A 7.3 5.6 5.9 6.2 5.4 
1BI6 Glu-5 L 4 4.5 4.8 4.5 5.5 
1BI6 Asp-9 H 3 4.2 3.1 2.9 2.7 
1BI6 Asp-13 H 3.8 4.1 3.6 3.6 3.6 
1BI6 Asp-32 H 3.1 4.4 3.8 3.7 2.9 
1BI6 Asp-38 H 3.7 4.1 3.4 3.4 2.8 
1BI6 Glu-1 H 3.3 4.6 5.5 3.6 3.8 
1BI6 Glu-2 H 3.3 4.6 4.5 4.3 4.9 
1BI6 Glu-24 H 4.2 4.5 4.6 4.1 4.1 
1FKS His-94 A 5.8 6.2 6.5 6.5 6.6 
1FKS His-87 A 6.5 6 6.4 6.5 6.7 
2BCA Lys-7 A 10.6 10.4 10.7 11.1 11.7 
2BCA Lys-12 A 11.3 10.4 10.3 10.4 10.5 
2BCA Lys-16 A 11 10.4 10.5 10.7 10.5 
2BCA Lys-29 A 11.2 10.3 10.3 10.6 11.5 
2BCA Lys-41 A 10.9 10.4 10.5 10.6 10.5 
2BCA Lys-55 A 12 10.3 10.4 10.8 10.3 
2BCA Lys-71 A 10.7 10.4 10.4 10.5 10.4 
2BCA Lys-72 A 11.3 10.1 11.2 11.4 11.1 
1EPI Asp-11 A 3.9 4.1 4 4.1 4.1 
1EPI His-22 A 6.8 5.7 7 7 6.9 
1EPI Glu-24 A 4.1 4.5 3.9 3.9 4.4 
1EPI Asp-27 A 4 4.1 3.5 3.5 4.2 
1EPI Asp-40 A 3.6 4.1 3.1 3.2 4.1 
1EPI Asp-46 A 3.8 4.7 5.3 5.2 3.8 

 

  

46 
 



Chapter 3 

Protein–protein docking with 

dynamic residue protonation states 

Previously published as: 

Kilambi, K. P., Reddy, K., Gray, J. J. Protein–protein docking with dynamic residue 

protonation states. PLoS Comp. Biol. 10(12), e1004018 (2014). 

Reprinted with the permission of the publisher, PLOS, Inc. with minor revisions. 

3.1 Summary 

Protein–protein interactions depend on a host of environmental factors. Local pH 

conditions influence the interactions through the protonation states of the ionizable residues 

that can change upon binding. In this chapter, I present a pH-sensitive docking approach, 

pHDock, that can sample side-chain protonation states of five ionizable residues (Asp, Glu, 

His, Tyr, Lys) on-the-fly during the docking simulation. pHDock produces successful local 

docking funnels in approximately half (79/161) the protein complexes, including 19 cases 

where standard RosettaDock fails. pHDock also performs better than the two control cases 

comprising docking at pH 7.0 or using fixed, predetermined protonation states. On average, 

the top-ranked pHDock structures have lower interface RMSDs and recover more native 

interface residue–residue contacts and hydrogen bonds compared to RosettaDock. 

Addition of backbone flexibility using a computationally-generated conformational 

ensemble further improves native contact and hydrogen bond recovery in the top-ranked 

structures. Although pHDock is designed to improve docking, it also successfully predicts 

a large pH-dependent binding affinity change in the Fc–FcRn complex, suggesting that it 
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can be exploited to improve affinity predictions. The approaches in the study contribute to 

the goal of structural simulations of whole-cell protein–protein interactions including all 

the environmental factors, and they can be further expanded for pH-sensitive protein 

design. 

3.2 Introduction 

Through tightly controlled cellular pH, posttranslational modification by protons regulates 

biological function.3 Cellular pH can vary from highly-acidic in the lysosomes (~ pH 5) to 

basic in the peroxisomes (~ pH 8),4 profoundly influencing biomolecular folding and 

assembly processes.5,6 pH effects are especially critical in protein–protein binding, and 

binding-induced protonation state changes contribute to the association energy of most 

protein-protein complexes.36,37 However, computational protein–protein docking 

algorithms often ignore the pH effects. In this chapter, I develop a pH-sensitive protein–

protein docking algorithm and demonstrate that it can improve prediction accuracy and 

recover pH-dependent binding effects. 

Computational docking algorithms are playing an increasingly influential role in driving 

large-scale protein–protein interactions (PPI) surveys109,110 and genome-wide interactome 

studies,111 but they need to accommodate sensitivity to local environment pH for improved 

reliability. Although pH effects on protein–small molecule complex calculations are well 

studied (e.g., refs. 50,112–115,82), efforts to incorporate pH effects in computational protein–

protein complex calculations have just begun. For example, Spassov et al.116 recently 

demonstrated a pH-sensitive binding prediction method with an aim to prolong the half-

life of therapeutic antibodies. HADDOCK117 determines the missing protonation state of 

the histidine residues in the input protein complex using the WHATIF server118 before the 
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start of the docking simulation. However, in real systems protonation states are affected 

not only by the solution pH but also the change in the local environment of the ionizable 

surface residues due to the receptor–ligand interactions during binding. pKa calculation 

studies (e.g. 56) stress the importance of simultaneously evaluating both favorable residue 

side-chain conformations and their preferred ionization states. Similarly, in docking 

algorithms, residue pKa values vary depending on the conformations of the ligand relative 

to the receptor. Hence dynamic evaluation of the protonation states during docking using 

pKa calculation algorithms on-the-fly is more true to the physical process of binding and 

may improve prediction accuracy.  

Current computational pKa calculation algorithms have been collectively assessed by the 

scientific community recently to improve their accuracy.80 One of the primary aims of the 

pKa calculation methods is to identify and improve the deficiencies of the energy function, 

particularly the electrostatics.51 Despite the deficiencies, pKa calculations by many 

algorithms are within a root-mean-square deviation (RMSD) of 1 pH unit from the 

experimental pKa values (except in extreme cases with very large pKa shifts 96,94,91). Hence 

unless the solution pH is very close to the shifted pKa values of the ionizable residues, 

current algorithms can in principle reasonably estimate the relevant pH-sensitive 

protonation state during docking. Since computational protein–protein docking algorithms 

typically generate hundreds to several thousand target conformations, effective use of the 

protonation state data requires pKa calculations to be fast, accurate and compatible with the 

docking methodology. Unfortunately, the most rigorous physics-based pKa calculation 

methods prohibitively require several minutes to hours to calculate a single pKa value, and 

the faster empirical methods are not currently compatible with the docking frameworks.  

49 
 



I previously created Rosetta-pH,42 a fast and efficient pKa calculation algorithm with a 

focus on the use of the protonation state data in protein structure prediction and design. 

After I added a pH-sensitive score term to the standard (pH-independent) Rosetta score 

function and calibrated the electrostatic and solvation score terms, Rosetta-pH achieved a 

RMSD of 0.83 pH units from the experimental pKa values. Since I built Rosetta-pH using 

the object-oriented Rosetta biomolecular modeling suite19 which forms the basis for the 

protein–protein docking algorithm RosettaDock,26,78 I was able to fuse the methods to 

create, to my knowledge, the first pH-sensitive protein–protein docking algorithm.  

In the remainder of this article, I describe my fast pH-sensitive docking algorithm 

(pHDock) that can sample side-chain protonation states of five ionizable residue types 

(Asp, Glu, His, Tyr, Lys) on-the-fly during the docking simulation. After combining the 

Rosetta-pH and RosettaDock frameworks, I recalibrate the pHDock score function to 

accommodate the new pH-sensitive score term. I use local docking studies to test 

pHDock’s performance on a dataset of protein–protein complexes119 and compare it to 

RosettaDock. I also study the effects of incorporating backbone flexibility in pHDock using 

a backbone conformational ensemble for docking a subset of the complexes. Finally, I 

explore a case study to investigate the efficacy of pHDock in the prediction of large pH-

dependent binding affinity change in a protein complex.120 

3.3 Results 

3.3.1 pHDock algorithm 

I developed pHDock, a multi-scale Monte Carlo (MC) algorithm based on the RosettaDock 

framework26,78 with modifications to allow dynamic sampling of the residue protonation 
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states during simulation. Residue protonation states at the environment pH are constantly 

updated during multiple side-chain packing steps throughout the protocol by explicitly 

sampling both protonated and deprotonated versions of the side chains from a discrete 

rotamer library.24  

 

Figure 3.1 pHDock flowchart. Each step in the pHDock workflow is colored based on the 
differences compared to RosettaDock: unmodified steps are colored in grey, and steps 
with minor (light orange) and major (dark orange) modifications are colored in shades of 
orange.  
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The pHDock algorithm is illustrated in Figure 3.1. In the first pre-packing step, the protein 

complex side chains are idealized, and the residue ionization states are equilibrated with 

the solution pH using Rosetta-pH.42 Then, following the standard RosettaDock low-

resolution stage, the residue side chains are represented by coarse-grained centroid atoms. 

This stage comprises i) a random initial perturbation of the partners, and ii) rigid-body 

ligand moves relative to the receptor which are accepted/rejected based on the Metropolis 

criteria. In the high-resolution stage, the side-chain centroid pseudo-atoms are replaced by 

the side-chain atoms from the initial unbound conformation. The high-resolution stage 

involves i) repacking the residue side chains with simultaneous evaluation of the most 

favorable residue protonation states at the environmental pH, and ii) minimization of the 

side-chain torsion angles and rigid-body orientation of the ligand relative to the receptor 

with an accompanying Metropolis criteria check. One thousand candidate structures, or 

models, are generated for each target and then ranked according to their interface scores, 

and the top-ranked model is picked as the final prediction.  

To test the performance of the algorithm, I use both standard RosettaDock (henceforth 

referred to as simply ‘RosettaDock’) and pHDock to generate local docked models starting 

from a dataset of unbound structures from the curated Docking Benchmark 4.0.119 For 

pHDock, I assume the crystallization pH of the corresponding bound complex as the 

solution pH. In the following sections, I first illustrate the docking performance analysis of 

the new algorithm using a sample protein complex. Next, I compare the performance of 

pHDock to RosettaDock over the complete benchmark dataset using several metrics and 

inspect a few predictions in greater detail. I later focus on the effects of backbone flexibility 
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on the docking accuracy. Finally I use a case study to demonstrate pHDock’s performance 

in the prediction of pH effects on binding affinities. 

3.3.2 Sample docking analysis: Xylanase–TAXI-IA binding at non-standard pH 

Performance of structural docking algorithms can be analyzed by studying the distribution 

plots of the free energies or score function vs. the deviation from the starting native bound 

complex. The native complex is assumed to be at the free energy minimum, hence 

structural models generated using the docking algorithm with receptor–ligand orientation 

close to the native structure are expected to have lower energies compared to the structures 

farther away. To create a set of models sampling both near-native and non-native 

conformations, starting positions of the ligand relative to the receptor are perturbed by up 

to 3 Å translation and 8° rotation around the axis joining the centers of the two partners. 

Figure 3.2 shows sample plots for the Triticum aestivum xylanase inhibitor-I (TAXI-I) in 

complex with Bacillus subtilis xylanase crystallized at a pH of 4.6 (PDB: 2B42121). The y-

axis represents the interface score (Isc), an approximation of the binding free energy, 

normalized by the difference between the 5th and 95th percentile scores. The x-axis 

quantifies deviation from the native complex using interface RMSD (Irmsd). Each point 

on the plot represents a single docking model and is colored based on the CAPRI structural 

quality rating.122 The interface of the top-scoring pHDock-generated structure (Figure 

3.2b) is just 1.7 Å from the native interface, compared to 4.7 Å for the RosettaDock-

generated structure (Figure 3.2a). While RosettaDock does not generate any structures 

better than acceptable quality, pHDock produces a structure with higher native residue–

residue contact recovery qualifying as medium quality.  
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Figure 3.2 Docking predictions for xylanase–TAXI-IA complex.  Docking plots generated 
by (a) RosettaDock, and (b) pHDock at pH 4.6. Grey, orange, and red points represent 
incorrect, acceptable-, and medium- quality predictions, respectively. Discrimination 
scores are shown in the bottom right corner. (c) Interface of the top-scoring pHDock 
prediction superimposed on the crystal complex (grey). Predicted orientation of the TAXI-
IA inhibitor and xylanase, cyan and green, respectively; critical His-374 residue from TAXI-
IA, spheres; xylanase active site and other critical binding site residues, sticks. 

I quantified the docking performance using a discrimination score123 (shown in bottom 

right in the docking score plot), which captures the extent to which the low-rmsd models 

have lower energies compared to the high-rmsd (incorrect) models. The discrimination 

score is calculated by dividing the x-axis using multiple Irmsd cut-offs and averaging the 

energy gaps between the lowest scoring structure on the left and right of each cut-off (see 

Methods). A lower discrimination score is an indicator of better docking performance, with 

a negative score indicating a successful docking prediction. The additional side-chain 

protonation state sampling helps pHDock produce a successful and more pronounced 
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docking funnel (discrimination score: -1.19) compared to RosettaDock (discrimination 

score: 0.16). 

Figure 3.2c compares the interfaces of the crystal structure and the top-ranked pHDock 

model for the xylanase–TAXI-IA complex. Experimental studies121,124 discussed the 

importance of the strong salt bridge between the positively charged imidazole side chain 

of TAXI-IA His-374 (spheres) with the negatively charged Asp-37. This ionic interaction 

is critical for binding, and the pH optimum of the xylanase (determined by the pKa value 

of Asp-37) is reported to directly influence the affinity of the enzyme–inhibitor complex, 

with a lower Asp pKa value leading to stronger binding. The top-scoring pHDock model 

not only captures this interaction through precise prediction of the positively charged His-

374 side-chain rotamer but also recovers all the xylanase active-site-residue side-chain 

rotamers. RosettaDock, which assumes a neutral His side chain, fails to capture the 

interaction. Overall, while the top-scoring RosettaDock model recovers just 13% of the 

native interface contacts, the pHDock model recovers 49% of all the interface residue–

residue contacts. 

3.3.3 pHDock improves docking accuracy in a majority of docking targets 

For a large-scale docking performance analysis, I tested pHDock over a dataset of diverse 

protein–protein complexes from the curated Docking Benchmark 4.0.119 On average, 25% 

of the interface residues in the dataset complexes are ionizable (Asp, Glu, His, Tyr, Lys) 

(Figure 3.3). Supplementary Figure 3.1 compares the docking plots for the complexes 

generated using pHDock and RosettaDock. 
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Figure 3.3 Distribution of ionizable residues at docking interfaces. Frequency histogram 
of dataset complexes with fractions of ionizable interface residues. 

 

Figure 3.4 Summary of pHDock performance. Correlation plot comparing discrimination 
scores of pHDock and RosettaDock docking predictions. Complexes docked at acidic pH 
(pH ≤ 7.0) and basic pH (pH > 7.0) are represented as circles and squares, respectively. 
The discrimination score cutoffs for a successful prediction (D < 0) are marked using 
broken lines. Corner numbers indicate the total predictions in each plot section (edges 
defined by the broken lines and the solid line at 45°).  
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Figure 3.4 compares the discrimination scores of the docking funnels generated using 

pHDock and RosettaDock. pHDock produces successful docking funnels (discrimination 

score ≤ 0) in approximately half (79/161) the structures from the dataset, including 19 cases 

where RosettaDock fails to produce a successful prediction. Based on the discrimination 

score, pHDock outperforms RosettaDock in approximately 60% of the targets (94/161), 

and the improvements are statistically significant (paired t-test, p=0.039).  

 

 

Figure 3.5 Discrimination score (D) distributions for RosettaDock and pHDock. Mean D 
(μ(D)) values obtained from bootstrap case resampling of the docking models (1000 
models per target with replacement) for pHDock (orange) and RosettaDock (grey).  
Standard deviations (σ(D)) are represented as error margins. The average μ(D) value for 
pHDock (-0.05) is lower than RosettaDock (-0.02) over the complete dataset. The average 
σ(D) values for pHDock (0.07) and RosettaDock (0.07) are similar, approximately 4% of 
the observed μ(D) value range. The distribution curves are generated after independent 
sorting of the pHDock and RosettaDock targets based on increasing D values. 
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Additionally, since models are generated stochastically, I performed bootstrap case 

resampling125 to quantify the variation of the discrimination scores. The bootstrap mean 

discrimination scores μ(D) (Figure 3.5) again show that pHDock produces successful 

funnels [μ(D) ≤ 0] in half the targets (79/161) including 17 cases where RosettaDock fails. 

Hence the results are robust to the stochastic sampling noise. The average standard 

deviation of the discrimination scores [σ(D): 0.07] is approximately 4% of the total 

observed μ (D) range.  

 

 

Figure 3.6 pHDock models containing nonstandard residue protonation states. Number 
of near-native (Irmsd < 4 Å) (black) and non-native (Irmsd > 4 Å) (grey) pHDock models 
containing nonstandard residue protonation states (protonated Asp, Glu, His; 
deprotonated Tyr, Lys) for each target complex in the curated docking benchmark 
dataset. For almost all pHDock target complexes (160/161), at least one non-native model 
exhibits a nonstandard protonation state, while for approximately 4/5 of the complexes 
(127/161), at least one near-native model has nonstandard residue protonation states. 
The complexes are sorted based on the crystallization pH. 
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Figure 3.7 Nonstandard residue protonation states in pHDock models. (a) Number of 
ionizable residues exhibiting nonstandard protonation states in pHDock models for each 
target complex. The number of recovered nonstandard residue protonation states 
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(compared to the protonation state in the native bound complex) in (b) near-native and 
(c) non-native pHDock models are also shown. The complexes are sorted based on the 
crystallization pH. A majority of the nonstandard residue protonation states are observed 
in complexes with docking pH within one pH unit of the residue intrinsic pKa values (Asp 
50%, Glu 78%, His 59%, Tyr 53%, Lys 70%). Only a small fraction of all the pHDock-
generated nonstandard protonation states (Asp 17%, Glu 30%, His 70%, Tyr 34%, Lys 66%) 
are recovered nonstandard protonation states also observed in the native complex. 

 

Figure 3.8 Summary of pHDock performance highlighting cases with nonstandard 
protonation states. Correlation plot comparing discrimination scores of pHDock and 
RosettaDock docking predictions in the complete benchmark dataset. This plot is the 
same as Figure 3.4. However, here, grey, orange and red points represent complexes 
where top-ranked pHDock models contain no nonstandard protonation states, recovered 
nonstandard protonation states found in the native bound complex, and nonstandard 
protonation states not observed in the bound complex, respectively. Complexes docked 
at acidic pH (pH ≤ 7.0) and basic pH (pH > 7.0) are represented as circles and squares, 
respectively. The discrimination score cutoffs for a successful prediction (D < 0) are 
marked using broken lines. Corner numbers indicate the total predictions in each plot 
section (edges defined by the broken lines and the solid line at 45°).  
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As pHDock has access to nonstandard residue protonation states unlike RosettaDock, I 

examined the prevalence of such protonation states and their effect on docking accuracy. 

In docking funnel plots in Supplementary Figure 3.2, structures with nonstandard residue 

protonation states are distinguished. pHDock produces models with nonstandard 

protonation states for all the target complexes (Figure 3.6), with a majority of the 

nonstandard protonation states observed in complexes with docking pH within one pH unit 

of the residue intrinsic pKa values (Figure 3.7). Overall, pHDock outperforms RosettaDock 

in 67% (20/30) of the cases where the top-ranked pHDock model recovers a nonstandard 

protonation state observed in the native bound complex (Figure 3.8). pHDock also 

performs better than RosettaDock in 64% (7/11) of the cases where the top-ranked pHDock 

produces a nonstandard protonation state different from the one observed in the native 

bound complex illustrating the importance of dynamic protonation states.  

Since pHDock is a stochastic docking algorithm that generates several candidate models, 

the performance of the algorithm broadly depends on (i) the quality and diversity of the 

generated ensemble of models, or ‘sampling’, and (ii) the ability of the final score function 

to discriminate native-like models from non-native-like models, or ‘scoring’. To test the 

sampling performance of pHDock, I examined the lowest-Irmsd models for all the 

complexes in the dataset. The Irmsd distribution for pHDock is similar to RosettaDock 

(Figure 3.9a), and in 92% of the docking targets, it generates at least one model within 4 Å 

from the native interface. Out of 1000 models generated for each target, pHDock creates 

on average 1.9, 18.5, and 90.8 high-, medium-, and acceptable-quality models, 

respectively. In comparison, RosettaDock samples 7-12% fewer medium- and high-quality 

models (Figure 3.10). To test the scoring performance of pHDock, I calculated the Irmsd 
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and fnat distributions of the top-scoring models for each target (Figures 3.9b-c). pHDock 

generates top-ranked models within 4 Å in 57% of the targets (RosettaDock 51%), and 

52% of the time these models recover more than 30% of the native residue–residue contacts 

(RosettaDock 46%).  

 

Figure 3.9 Distribution curves of interface RMSDs (Irmsd) and fraction of recovered 
native contacts (fnat) for the docking models. (a) Irmsd distribution curve of the lowest-
Irmsd models generated using pHDock (orange) and RosettaDock (grey). (b, c) Irmsd and 
fnat distribution curve for the top-ranked models according to interface scores (Isc) for 
each complex. The distribution curves are generated after independent sorting of the 
pHDock and RosettaDock models based on (a, b) increasing Irmsd values and (c) 
decreasing fnat. 
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Figure 3.10 Quality of models sampled during docking. Kernel density estimate curves of 
the number of high-, medium-, and acceptable-quality models sampled by pHDock and 
RosettaDock during a docking run generating 1000 models. Numbers in the parentheses 
in the legends are the average number of the various quality models sampled. 

To further assess the quality of the predicted top-ranked structures, I examined the 

receptor–ligand interface hydrogen bonds (henceforth referred to as simply ‘interface 

hydrogen bonds’). Previous surveys found 8-13 interface hydrogen bonds in each protein–

protein complex.126,127 Using Rosetta’s hydrogen bonding definition, the native crystal 

complexes in my dataset contain 6.4 ± 3.5 interface hydrogen bonds on average (Figure 

3.11a). In comparison, the top pHDock models are involved in 5.1 ± 2.5 interface hydrogen 

bonds, while the top RosettaDock models form only 3.4 ± 2.1 interface hydrogen bonds. 

As pHDock primarily focuses on ionizable residues, I also calculated the number of 

interface hydrogen bonds containing such residues as donors or acceptors. The native 

complexes contain 3.5 ± 2.6 ionizable interface hydrogen bonds (Figure 3.11b). 
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Encouragingly, the top pHDock models are found to form an identical 3.5 ± 2.4 ionizable 

interface hydrogen bonds, while the top RosettaDock models form only 2.1 ± 1.6 hydrogen 

bonds.  

 

Figure 3.11 Distributions of native and model interface hydrogen bonds. Kernel density 
estimate curves for the number of (a) interface hydrogen bonds and (b) interface 
hydrogen bonds involving ionizable residues in the top-scoring models generated using 
pHDock (orange) and RosettaDock (grey), and the native crystal complexes (black) across 
the complete Docking Benchmark dataset. Frequency histograms of the fraction of (c) 
recovered interface hydrogen bonds and (d) recovered interface hydrogen bonds 
involving ionizable residues in the top-scoring models. 
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The analysis of the total number of interface hydrogen bonds shows significant pHDock 

improvements in generating models with a larger receptor–ligand hydrogen bond network. 

However, such an analysis does not reveal the accuracy of the generated interface hydrogen 

bonds. So I also examined the fraction of the native interface hydrogen bonds recovered in 

the top-ranked models. pHDock recovers more than one-fifth of the native interface 

hydrogen bonds in only 33% of the targets from the dataset, while RosettaDock performs 

worse, recovering the same fraction in just 22% of the targets (Figure 3.11c). The results 

are similar for the fraction of recovered ionizable interface hydrogen bonds. pHDock 

recovers more than one-fifth of the ionizable interface hydrogen bonds in 32% of the 

targets, while the performance of RosettaDock drops further to just 19% of the total targets 

in the dataset (Figure 3.10d). In summary, while pHDock generates more interface 

hydrogen bonds, only a minor faction of these hydrogen bonds match those seen in the 

native complex.  

Finally, to test the effects of hydrogen bonding accuracy on docking results, I examined a 

few sample cases in greater detail. The tumor susceptibility gene 101 protein–ubiquitin 

complex (1S1Q; pH 4.6128) has four native interface hydrogen bonds. The top pHDock 

model recovers three of them and forms a total five interface hydrogen bonds, while the 

top RosettaDock model exhibits three interface hydrogen bonds but none of them are 

native. The docking plots for both pHDock and RosettaDock (discrimination score -0.19 

vs. -0.01) show success based on discrimination scores, but the docking funnel is clearly 

more pronounced in pHDock (Figure 3.12a). Although the near-native sampling in both 

pHDock and RosettaDock is comparable, the additional recovered native hydrogen bonds 

help pHDock in the final scoring, and the top model interface is only 1.4 Å away from the 
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native interface. The improved performance is likely due to a protonated interface histidine 

(His-66) in ubiquitin. In a second case, the PPARgamma+RXRalpha–GW409544+co-

activator peptide complex (1K74; pH 7.5129) has five interface hydrogen bonds. The top 

pHDock model exhibits eight interface hydrogen bonds, three of them being native, while 

none of the ten hydrogen bonds found in the top RosettaDock model are native (Figure 

3.12b). In this case, pHDock (discrimination score -0.35) outperforms RosettaDock 

(discrimination score -0.12) in both sampling and scoring. The top-scoring pHDock model 

is a high-quality prediction just 0.93 Å from the native interface.  

The larger number of interface hydrogen bonds in pHDock models do not always translate 

to improvements in docking predictions. For example, the CDK2 kinase–cell cycle-

regulatory protein CksHs1 complex (1BUH; pH 7.5130) has four native hydrogen bonds. 

Again, the interface residues in the top-ranked pHDock model are predicted to be in their 

standard protonation states. Neither top pHDock nor RosettaDock models recover any of 

the native interface hydrogen bonds although they form nine and one interface hydrogen 

bonds, respectively. As shown in the docking plots in Figure 3.12c, pHDock scoring favors 

a false-positive docking prediction with a large number of interface hydrogen bonds more 

than 12 Å from the native interface.  
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Figure 3.12 Hydrogen bonding recovery correlates with docking performance. Docking 
plots generated using RosettaDock and pHDock for (a) tumor susceptibility gene 101 
protein–Ubiquitin complex, (b) PPARgamma+RXRalpha–GW409544+co-activator peptide 
complex, and (c) CDK2 kinase–cell cycle-regulatory protein CksHs1 complex. Grey, orange, 
red, and blue points represent incorrect, acceptable-, medium-, and high-quality models, 
respectively. The right panel shows structures of the top pHDock (blue) and RosettaDock 
(green) models superimposed on the native complex (red). The number of native 
hydrogen bonds among the total interface hydrogen bonds observed in the bound crystal 

complex Xtal
hb-nat( )N , and the top-scoring pHDock pH

hb-nat( )N and RosettaDock Ros
hb-nat( )N models 

are also listed. 
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3.3.4 Backbone flexibility further improves native contacts and hydrogen bond 

recovery 

Inclusion of backbone flexibility in protein–protein docking is critical to capture the 

conformational changes during the binding event.131 Within RosettaDock, backbone 

flexibility mimicking both conformer selection (CS) and induced fit (IF) binding models 

increases native contact recovery, although the computational costs are higher and there is 

a risk of false positive predictions.27 Thus I tested whether the addition of backbone 

flexibility further improved native contact recovery in pHDock. I chose a subset of 14 

complexes common among the published study and the curated Docking Benchmark 4.0 

used for pHDock. I then used the RosettaRelax11,90 protocol to generate an ensemble of 

unbound backbones. RosettaRelax, an MC algorithm, employs a cycle of small backbone 

dihedral (φ, ψ) perturbations, residue side-chain packing and score function minimization 

along the gradient in the torsion space to generate a backbone ensemble typically within 

1 Å Cα RMSD of the starting structure. I generated 500 models starting from the ligand 

unbound coordinates for each of the complexes and picked the ten top-scoring models for 

docking.   

Supplementary Figure 3.3 compares the docking funnels generated using RosettaDock, 

pHDock and ensemble pHDock. The ligand backbone flexibility helps ensemble pHDock 

generate better docking funnels (based on discrimination score) in 11 targets compared to 

pHDock. The Irmsd values of the lowest-Irmsd models generated using ensemble pHDock 

are not significantly better compared to pHDock. However, there is a noticeable 

improvement in the quality of the receptor-ligand interfaces in the top-ranked models. The 

top-ranked models generated using ensemble pHDock outperform pHDock in native 
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contact recovery with comparable or better fnat values in 12 targets. Encouragingly, the top-

ranked models also recover comparable or more native interface hydrogen bonds in all the 

targets compared to pHDock and RosettaDock (Table 3.3). To summarize, the additional 

backbone flexibility further improves the docking funnel quality in a majority of the targets 

and generates top-ranked models that recover more native contacts and hydrogen bonds.  

3.3.5 pHDock is better at solution pH than pH 7 or using fixed, predetermined 

protonation states  

pHDock simulates the complexes at solution pH and relies on dynamic residue protonation 

state sampling. To assess the individual contribution of these two components, I performed 

control docking experiments using a subset of complexes (same 14 complexes used for 

ensemble pHDock). First, to test the robustness of the docking predictions to changes in 

the solution pH, I used pHDock at physiological pH (pH 7.0). Second, to test the benefits 

of employing dynamic residue protonation states, I docked the complexes with fixed 

residue protonation states obtained from the lowest energy rotamer state of the starting 

partners at the solution pH (fix-pHDock).  

Of the cases where both RosettaDock and pHDock either fail (four targets) or succeed 

(eight targets), the fix-pHDock and pHDock at pH 7.0 runs perform similarly (see docking 

funnel plots, Supplementary Figure 3.4), showing, as might be expected, an insensitivity 

to pH effects. There are two cases in this test set where RosettaDock fails and pHDock 

produces a successful docking funnel. In the α-chymotrypsin–eglin C complex (1ACB; pH 

6.5132), pHDock produces a discrimination score of -0.24 at pH 6.5, and RosettaDock a 

discrimination score of 0.01. pHDock at pH 7.0 produces a weaker funnel (discrimination 

score: -0.1) while fix-pHDock fails (discrimination score: 0.09) due to a false positive 
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model 7 Å Irmsd away from the native complex. Similarly, in the Fab D44.1–lysozyme 

complex (1MLC; pH 6.0133), pHDock generates a discrimination score of -0.11 while 

RosettaDock, pHDock at pH 7.0, and fix-pHDock all fail (discrimination scores 0.13, 0.07, 

0.33, respectively). Thus, in these two cases where RosettaDock fails, both pHDock at pH 

7.0 and fix-pHDock fail to completely capture pHDock’s success. These cases suggest that 

accurate knowledge of the solution pH and the dynamic protonation states are vital for 

maximum pHDock accuracy.     

3.3.6 pHDock captures the large pH-dependent binding affinity change in the Fc–

FcRn complex  

In the discussion so far, I analyzed pHDock’s performance at the solution pH and compared 

it to RosettaDock (no pH dependence) over a large dataset of protein complexes. However, 

such an analysis does not test pHDock’s performance in predicting effects of subtle 

environmental pH changes on a single protein–protein complex. In previous work, I and 

other groups have used RosettaDock interface scores in correlating binding affinities134,135 

and in predicting relative affinities.44 The neonatal Fc receptor (FcRn) binds maternal 

immunoglobulin G (IgG) from ingested milk in the gut at acidic pH (pH ≤ 6.5) and releases 

it in the bloodstream of the newborn at basic pH (pH 7.4).136 This process is facilitated 

through a drastic drop in the binding affinity by more than two orders of magnitude as the 

pH changes from 6.0–6.5 to 7.0–7.5.136,137 The Fc–FcRn system has been previously used 

for a pH-dependent binding calculation,116 but there are no existing pH-sensitive docking 

studies.   

To test the efficacy of pHDock in predicting pH effects on binding affinities, I used the 

pHDock algorithm to dock the murine Fc–FcRn complex (1I1A120) at various 
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environmental pH values. I tested all integral pH values between 3.0 and 11.0, and used a 

finer interval of 0.25 pH units for the relevant pH range of 6.0–8.0 where the striking 

binding affinity change is observed. I used the interface scores (I) of the top-scoring 

pHDock models to approximate the binding affinity at different pH values. Fc–FcRn 

complex shows a binding minimum at pH 6.25 (IpH6.25: -13.99 Rosetta Energy Units 

(REU)), and thereafter the affinity rapidly weakens as the environment pH increases to 

7.50 (IpH7.50: -11.82 REU) (Figure 3.13a). Converting the binding energies to equilibrium 

constants using the relation /e , BG k T
dK −∆= I estimated the ratio of equilibrium constants at 

pH values 6.25 and 7.50 as  

( )pH 6.25 pH 7.50
1 

pH6.25

pH7.50

e 40,B
I I

k TK
K

−
−

= =  

where KpH6.25 and KpH7.50 are the equilibrium binding constants at pH 6.25 and 7.50, 

respectively, and kBT is 0.59 kcal/mol at 298K. The equation yields a 40-fold drop in the 

binding affinity as the pH increases from 6.25 to 7.50, which is similar to the 50 to 100-

fold drop from experiments.137 Interestingly, the docking plots show successful energy 

funnels for both pH values (Figure 3.13b). However, the energy funnel is more pronounced 

at pH 6.25 (discrimination score -0.96) than pH 7.50 (discrimination score -0.47), 

indicating a site-specific binding event at both pH values, but with markedly different 

affinities. 

Previous studies120,136 attribute the pH-dependence of Fc–FcRn binding to the titration of 

interface histidine residues with pKa values in the range of binding affinity transition (6.5 

≤ pH ≤ 7.0). The Fc–FcRn interface has three salt bridges with the residues His-310, His-
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435, and His-436 from Fc interacting with Glu-117, Glu-132, and Asp-137 from FcRn. The 

proposed mechanism involves titration of all the three histidine residues disrupting the 

binding as the environment pH increases, but studies have shown two buried titratable salt 

bridges are sufficient to confer pH dependence. Encouragingly, the top-scoring pHDock-

generated models at different pH values successfully capture the titration event. While His-

310 remains protonated in the models at both pH values, His-435 and His-436 are 

protonated at pH 6.25 and deprotonated at pH 7.50 and are involved in salt bridges with 

Glu-132 and Asp-137, respectively (Figure 3.13c). Thus, pHDock not only predicts the 

relative Fc–FcRn binding affinities at different pH values, but also captures the expected 

physical mechanisms responsible for the different affinities.  

 

Figure 3.13 pH-dependent binding effects in Fc–FcRn complex. (a) Interface score of the 
top pHDock prediction for the Fc–FcRn complex as a function of the docking pH. (b) 
Interface score vs Irmsd plots generated using pHDock at pH 6.25 and pH 7.50. (c) Top 
pHDock models at pH 6.25 (cyan) and pH 7.50 (green) showing the three critical ionic 
interactions responsible for the large pH-dependent binding affinity change. Note the 
change in the protonation states of His-435 and His-436. 
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3.4 Discussion 

I have created pHDock, the first pH-sensitive protein–protein docking algorithm that 

samples residue protonation states dynamically during the search. The algorithm integrates 

the Rosetta-pH pKa calculation method42 with the RosettaDock framework using the 

object-oriented design of the Rosetta modeling suite.19 Local docking studies show that 

pHDock outperforms RosettaDock in 60% of the docking targets and also performs better 

than control cases involving docking at pH 7.0 or using fixed, predetermined protonation 

states. pHDock also shows encouraging improvements in the quality of the generated 

candidate predictions. On average, the top-ranked pHDock structures have lower interface 

RMSDs and recover more native residue–residue contacts and hydrogen bonds. While 

pHDock is designed to improve docking predictions by accounting for environmental pH 

effects, the successful prediction of a large pH-dependent binding affinity change in the 

Fc–FcRn complex suggests that it can be further exploited to improve affinity predictions.   

pHDock improves docking primarily by enhancing the scoring in the docking high-

resolution stage, as the improved score function finely tuned for pKa predictions is active 

only during the high-resolution steps involving dynamic protonation states. Although there 

are few cases where pHDock samples conformations closer to the native compared to 

RosettaDock, the similarity of the interface RMSD distributions of the closest-sampled 

models (to the native complex) shows that its sampling quality is largely unchanged, likely 

because it retains the RosettaDock low-resolution stage which is largely responsible for 

model diversity. Over the complete dataset, pHDock generates at least one high-quality 

model in 25% of the complexes (41 targets), slightly higher than RosettaDock (34 targets). 

ReplicaDock,138 which uses a set of temperature replicas, overcomes the kinetic barriers 
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and improves sampling in the low-resolution docking stage. Further work can thus focus 

on combining the principles of ReplicaDock with pHDock to improve the model diversity 

in the low-resolution centroid phase. Also, availability of even sparse biochemical 

information139 can be used as an alternative to constrain the conformational search space 

and circumvent the sampling concerns in the centroid phase to improve docking accuracy. 

Although the top-ranked pHDock models show significant advancements in recovering 

native contacts, the hydrogen bonding performance is mixed. The geometry of interface 

hydrogen bonds is less optimal than intra-chain hydrogen bonds, but they are nevertheless 

critical for protein–protein binding.126 The top pHDock models exhibit more hydrogen 

bonds than RosettaDock on average. The increase is especially evident in the case of 

ionizable residues where the pHDock hydrogen bond distribution matches the native 

distribution. However, many of the pHDock interface hydrogen bonds are non-native, i.e., 

they are not observed in the bound crystal complexes. In fact, in two-thirds of the targets, 

pHDock fails to recover more than one-fifth of the native interface hydrogen bonds, a 

shocking number revealing the limitations still present in the hydrogen bonding model.  

There are a few possible explanations for the poor hydrogen bond performance. First, 

pHDock uses an implicit solvation model and thus fails to capture the water-mediated 

interface hydrogen bonds. Although the water-mediated hydrogen bonds are excluded from 

native hydrogen bond calculations, ignoring the water molecules during docking can result 

in the compensation of unsatisfied hydrogen bond donors/acceptors through formation of 

non-native hydrogen bonds. Second, pHDock ignores protein backbone flexibility and uses 

the unbound coordinates of the protein partners for docking, hence any resulting backbone 

inaccuracies can shift the hydrogen bond network. Accounting for backbone flexibility 
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using a conformational ensemble for a small subset of complexes improves hydrogen bond 

recovery compared to pHDock, but the top-ranked models still recover just a quarter of the 

native interface hydrogen bonds. Further studies to improve hydrogen bond recovery can 

focus on calibrating the score function using the bound coordinates of the complex to 

minimize the errors introduced due to the rigid backbone assumption and the inaccuracies 

in the receptor-ligand orientation in the docking models. However, work will be needed to 

reconcile the changes with the docking score function that is tuned for recovering native-

like structures. 

I tested pHDock’s ability to capture the large pH-dependent binding affinity change in the 

Fc–FcRn complex. Since the binding changes are a result of protonation state shifts in the 

interface histidine residues, any docking algorithm ignoring environment pH will fail to 

capture the effect. pHDock predicts a 40-fold drop in the binding affinity due to the increase 

in the environment pH, and the top-scoring model captures the resulting disrupted salt 

bridges at the Fc–FcRn complex interface. The accuracy of the affinity prediction suggests 

that pHDock can be expanded to power computational protein design studies such as those 

that recently began to exploit the pH-dependence for regulating protein binding activity.140 

Previously during the CAPRI rounds 20-27,41 I used pHDock for the blind prediction of 

the g-type lysozyme–PliG inhibitor complex.44 Lysozyme operates in a low pH 

environment141 and hence provided an opportunity to test pHDock’s performance. Docking 

the complex at pH 6.2 (crystallization pH of the unbound lysozyme) generated a medium-

quality prediction just 2.0 Å from the interface of the native complex. The encouraging 

performance of pHDock proves that it can be effective in capturing environment-pH effects 

on both docking and binding.  
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Recent efforts have begun to capture structural details of protein interactions in complete 

cellular environments.31,32,35 There is tremendous scope for computational docking 

algorithms to power such studies, but the methods must be versatile and include the effects 

of environmental conditions. Since intracellular pH is strictly regulated across multiple 

eukaryotic cellular compartments and is critical for protein interactions,2 accounting for 

pH effects can boost prediction accuracy. The results in this chapter contribute to the 

community effort to simulate protein–protein interactions in the complete cell with all 

environmental factors.  
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3.5 Methods 

3.5.1 Benchmark Dataset 

The Protein–Protein Docking Benchmark 4.0 by Hwang et al.119 is a set of 176 non-

redundant protein–protein complexes with both bound and corresponding unbound crystal 

coordinates from the Protein Data Bank.142 The dataset comprises 121 ‘rigid-body’, 30 

‘medium’, and 25 ‘difficult’ targets based on the interface backbone conformation 

variation between bound and unbound coordinates.143  

I curated the benchmark dataset in multiple stages. First, I removed water and all non-

peptide molecules containing heteroatoms from the complex structures. Since Rosetta pH 

does not currently predict protonation states of non-peptide molecules, I excluded 

complexes with such molecules at the interface. I also eliminated structures in which 

Rosetta was unable to resolve the steric clashes in the starting atomic coordinates due to 

the conformational changes between bound and unbound complexes, leaving 161 test 

complexes for the study. Second, I truncated both the unbound and bound structures to the 

same amino-acid sequences for Rosetta scoring consistency. Third, I collected the 

crystallization pH values in the PDB coordinate file for each bound complex to determine 

the docking environment pH. For structures missing pH information in the PDB files, I 

used the pH value from the corresponding original research article if available. For the 

remaining structures, I assumed a physiological pH of 7.0 (Table 3.2). 

3.5.2 Rosetta-pH 

Rosetta-pH42 is a Metropolis Monte Carlo algorithm in which the protonation state of the 

lowest energy conformation is evaluated using the Rosetta-pH score function at intervals 

77 
 



of pH to estimate pKa values. The Rosetta-pH score function is based on the standard 

Rosetta score function with additional terms including: 

i) Protonation potential based on the probability of protonation of individual amino 

acid residues at a given pH. The probability of protonation prot( )f  of an amino acid 

is  

aprot pH Ip
1 ,

10 1Kf −=
+

 

 

and the protonation potential (𝐸𝐸pH) is  

 

prot
pH

prot

ln                    if protonated       
ln(1 )            if deprotonated,   

B

B

k T f
E

k T f
−

= − −
 

where pH is defined by the environment, and IpKa is the unperturbed intrinsic pKa 

value of the model compound in solution (4.0 for Asp, 4.4 for Glu, 6.3 for His, 10.0 

for Tyr and 10.4 for Lys). kBT is assigned a value of 0.59 kcal/mol, corresponding 

to T = 298K. Cys protonation state changes (intrinsic pKa 8.5) are ignored due to 

the complications of coupling between pKa and redox equilibrium.144 

ii) Coulomb electrostatic potential with a distance-dependent dielectric (ε = 10r) 

for gradual shielding at increasing interatomic distances,83 and 

iii) Recalibrated solvation reference energies ref(Δ )iG  for the non-standard 

protonation variants in the Lazaridis–Karplus implicit model for solvation22 (See 42 

for details). 
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3.5.3 pHDock development 

Rosetta pHDock uses the object-oriented design of the Rosetta biomolecular modeling 

suite19 to implement the environment pH effects in the RosettaDock protocol. The pHDock 

development workflow can be broadly classified into three stages: 

i) In the first stage, I incorporated explicit protonation state sampling from Rosetta-pH42 

into the RosettaDock algorithm. RosettaDock accounts for residue side chain flexibility in 

the prepacking step and the later high-resolution stage with full-atom side chains. The 

sampling of the side-chain χ-angles is discrete based on a backbone-dependent rotamer 

library.24 Rosetta pHDock augments the sampling by allowing variable residue ionization 

states to be simultaneously sampled during every side-chain packing step and picking the 

most favorable residue protonation state based on the residue’s local interactions and the 

solution pH. For neutral His, both possible tautomers (with proton on either Nδ1 or Nε2 

atoms) are sampled. The conformational degeneracy in the protonated variants of Asp and 

Glu (with H atoms on either of the terminal Oδ and Oε atoms, respectively) is also explicitly 

incorporated by accommodating both possible protonated versions for the residues during 

sampling. 

ii) In the second stage, I generated a dataset of structures and evaluated the contributions 

of the individual score terms (including e_pH) to the total interface score. I first generated 

1000 models (for each complex) using the standard RosettaDock local docking routine78 

on a subset of 60 randomly-selected bound complexes (~1/3 of the total docking 

benchmark set). I then repacked each model (sampling both side chains and protonation 

states) at the crystal pH of the bound complex and calculated the interface contribution of 

each score term ( )iE  as 
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where complex 
iE  is the contribution of the score term i in the repacked complex, and 

( ),res int  ion  j
iE ∩ is the score term contribution in each separate binding partner j after repacking 

the ionizable interface residues at the crystal pH of the bound complex. Repacking the 

ionizable residues is required for accurate score term estimation, as separation of the 

binding partners exposes the previously-buried interface residues to the solvent affecting 

their preferential protonation state. 

iii) In the third stage, I parameterized the pHDock score function. Reweighting is 

mandatory since the original RosettaDock score function had a minimal weight on 

electrostatics, and the new electrostatic weight and pH reference term must be rebalanced 

against the hydrogen bonding and solvation contributions. Similar to prior 

parameterization of the RosettaDock score function,26 I sought to maximize the free energy 

gap between ‘near-native’ and ‘non-native’ models. Models in the top 5% based on CAPRI 

rating122 (high, medium and acceptable-quality in that order) with repulsive van der Waals 

scores lower than the 80th percentile are classified as near-native models. Models with the 

same CAPRI rating are ordered based on the fnat values (higher fnat is better). I classified the 

remaining models as non-native models. I then derived the score term weights using a 

generalized linear regression to maximize the free energy gap between the near-native and 

non-native model clusters. The free energy gap (ΔE) is 

score targets
terms

Δ Δi iE w E= ∑ ∑  
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where wi is the weight for score term Ei and non native near native Δ   i i iE E E− −= − . The score terms 

include an attractive van der Waals score (Eatr), a repulsive van der Waals score (Erep), an 

implicit solvation score (Esol),22 a hydrogen bonding score (Ehb),23 rotamer probability term 

(Edun),24 a statistical residue pair term for ion–ion interactions (Epair),25 a Coulomb 

electrostatic term (Eelec), and a term for the pH effects (EpH).42  

Table 3.1 Score functions used for the study. Weights for the score terms used during 
residue side-chain and protonation state sampling, receptor-ligand minimization, and for 
ranking final docking models. 

 
Score Type* 

Packing weights Docking weights 
pHDock RosettaDock pHDock RosettaDock 

fa_atr 0.80 0.80 0.377 0.338 
fa_rep 0.44 0.44 0.005† 0.044‡ 
fa_sol 0.75 0.75 0.225 0.242 
fa_elec 1.00 0.70 0.319 0.026 

fa_dun 0.56 0.56 0.080 0.036 
hbond_lr_bb 1.17 1.17 0.249 0.245 
hbond_sr_bb 1.17 1.17 0.249 0.245 
hbond_bb_sc 1.17 1.17 0.249 0.245 
hbond_sc 1.10 1.10 0.245 0.245 

e_pH 1.00 - 0.210 - 
pro_close 1.00 1.00 - - 

rama 0.20 0.20 - - 

omega 0.50 0.50 - - 

p_aa_pp 0.32 0.32 - - 

fa_intra_rep 0.004 0.004 - - 

fa_pair - - - 0.164 

 

*The disulfide score terms (dslf_ss_dst, dslf_cs_ang, dslf_ss_dih, 

dslf_ca_dst) which have non-zero weights only in RosettaDock docking weights are not 
listed as they do not aid in the final model discrimination.  

†,‡During the minimization stage, the weights are multiplied by †414 and ‡4.22 

respectively. 
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Table 3.1 compares the optimized pHDock weights to the RosettaDock weights.  The new 

pHDock weights for the dominant score terms Eatr, Esol, and Ehb show small deviations 

compared to RosettaDock (0.377, 0.225, and 0.249 versus 0.338, 0.242, and 0.245). 

Besides the new addition of pH-sensitive score term EpH (weight 0.21), the major changes 

in the score function are in the score term weights for Epair, Eelec, Edun, and Erep. The Epair 

term is completely absent and is balanced by the increased Eelec weight (0.319 compared 

to 0.026 in RosettaDock). While the Edun weight also increases (0.036 to 0.080), the Erep 

weight drastically drops from 0.044 to 0.005 demonstrating that the repulsive van der 

Waals score does not aid in docking model discrimination. The exceptionally small Erep 

weight however creates two issues. First, the algorithm produces structures with steric 

clashes during the rigid-body minimization step in the docking high-resolution stage 

(Figure 3.1). RosettaDock26 addresses this issue by increasing the Erep weight during 

minimization using a multiplier. I followed the same strategy and raised the Erep weight to 

match the RosettaDock weight during minimization. Second, some structures with 

unfavorable sterics are ranked higher during the final model discrimination. To address 

this, I eliminated the worst 5% percent of the pHDock structures sorted by their Erep scores. 

For a balanced comparison, I also omitted the worst 5% of the RosettaDock structures 

sorted by their interface scores.  

3.5.4 Docking starting conformation generation 

In local docking, the input complex consists of unbound partners (orientation determined 

by superimposing on the coordinates of the bound complex) and the starting positions are 

generated by randomly perturbing the ligand relative to the receptor by up to 3 Å translation 

and 8° rotation around the axis joining the centers of the two partners. Both pHDock and 
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RosettaDock use local docking to generate a diverse set of models sampling both near-

native (Irmsd < 4 Å) and non-native (Irmsd > 4 Å) conformations around the binding site. 

3.5.5 Docking metrics 

The CAPRI structural quality rating122 classifies docking predictions as incorrect, 

acceptable-, medium-, or high-quality based on a combination of the metrics Lrmsd, Irmsd, 

and fnat. L_rmsd is defined as the root-mean-square deviation (RMSD) of the ligand Cα 

atoms after superposition of the receptor chains of the predicted and the native bound 

complexes. Irmsd is the Cα-atom RMSD after superposition of the interface residues 

(residues < 4.0 Å from the binding partner) with coordinates from the bound complex. fnat 

is the fraction of the residue–residue contacts (< 5.0 Å all-atom distance) in the native 

bound complex that are recovered in the predicted complex. CAPRI ratings depend on 

multiple criteria, but models are considered to be at least acceptable quality if they are 

within 4 Å from native interface and recover at least 30% of the native contacts (fnat) 122. 

3.5.6 Docking funnel metrics 

A ‘docking funnel’ derives its name from the funnel-like appearance of the target score vs 

RMSD plots where the near-native models have better scores than non-native models. It is 

often used as a measure to determine the success of a docking simulation. I used two 

different metrics to quantify docking funnels. 

i) N5: As defined by Chaudhury et al.,78 N5 is the number of models with an Irmsd of at 

most 4.0 Å among the five top-scoring structures based on interface score. A docking result 

is considered a success if N5 ≥ 3. I performed bootstrap case resampling (1000 models per 

target with replacement) to compare correlation between the mean μ(N5) and calculated N5, 
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and to quantify the inherent noise within set of models using the standard deviation σ(N5) 

(Figure 3.14). 

 

Figure 3.14 N5 distributions for RosettaDock and pHDock. Mean N5 (μ(N5)) values 
obtained from bootstrap case resampling of the docking models (1000 models per target 
with replacement) for pHDock (orange) and RosettaDock (grey).  Standard deviations 
(σ(N5)) are represented as error margins. The average μ(N5) values for pHDock (2.60) and 
RosettaDock (2.55) are similar over the complete dataset. The average σ(N5) values are 
high for both pHDock (0.65) and RosettaDock (0.65), approximately 13% of the observed 
μ(N5) range, indicating significant inherent noise using the N5 metric for the set of models. 
The distribution curves are generated after independent sorting of the pHDock and 
RosettaDock targets based on decreasing N5 values. 

ii) Discrimination score (D): Applying the formulation by Conway et al.123 to docking, I 

first normalize the model interface scores (𝐼𝐼) using the 5th and 95th percentile scores as the 

reference by assigning them values of 0 and 1, respectively. The models are then divided 

into clusters based on Irmsd with cut-offs from ℝ = {1.0, 1.5, 2.0, 2.5, 3.0, 4.0, 6.0} in 

Ångstroms. Discrimination score (D) is defined as the normalized interface score 
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difference of the lowest-energy model below and above each cut-off r∈ℝ, averaged over 

the number of cut-offs (Nr): 

( ) ( )

1  min  minˆ ˆ
i ii RMS i r i RMS i r

rr

D I I
N ≤ >

∈

= −∑  
 

A docking result is considered a success if D ≤ 0. I performed bootstrap case resampling 

(1000 models per target with replacement) to quantify the inherent noise within the set of 

models using the standard deviation σ(D). 
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3.5.7 Rosetta command line  

The algorithms in the chapter are implemented using the Rosetta molecular modeling suite 

which is free for academic and non-profit use and downloadable from 

www.rosettacommons.org. All algorithms and supporting scripts are distributed in the 

Rosetta release. The Rosetta command-line arguments used for the calculations are as 

follows: 

Pre-packing stage 

(a) pHDock 

docking_prepack_protocol.<exe> 
–s 1A2K.u.pdb –native 1A2K.b.pdb                                 
–partners AB_C                                                    
–dock_ppk   
–pH:pH_mode –pH:value_pH 5.6 
–core:weights pH_pack.wts  
–ex1 –ex2aro  
–unboundrot 1A2K.u.pdb 

where the unbound complex 1A2K.u.pdb is pre-packed at pH 5.6. The –partners 

argument identifies the receptor and ligand chains and –native provides the bound 

complex 1A2K.b.pdb for comparison. 

(b) RosettaDock 

docking_prepack_protocol.<exe> 
–s 1A2K.u.pdb –native 1A2K.b.pdb                                 
–partners AB_C                                                    
–dock_ppk  
–ex1 –ex2aro  
–unboundrot 1A2K.u.pdb 

 

(c) Ensemble pHDock 

docking_prepack_protocol.<exe> 
–s 1ACB.u.pdb –native 1ACB.b.pdb                                 
–partners A_B                                                    
–ensemble1 pdblist1 –ensemble2 pdblist2                                                    
–dock_ppk   
–pH:pH_mode –pH:value_pH 6.5 
–core:weights pH_pack.wts  
–ex1 –ex2aro  
–unboundrot 1ACB.u.pdb                                           
–out:nooutput 
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where pdblist1 and pdblist2 are the list of coordinate files for receptor and 

ligand backbone ensembles. 

Docking stage 

(a) pHDock 

docking_protocol.<exe> 
–s 1A2K.u.ppk.pdb –native 1A2K.b.pdb                                 
–partners AB_C                                                    
–dock_pert 3 8 –spin                                                    
–pH:pH_mode –pH:value_pH 5.6 
–pack_patch pH_pack –high_patch pH_dock –high_min_patch 
pH_min 
–ex1 –ex2aro  
–unboundrot 1A2K.u.pdb                                            
–nstruct 1000 

where the unbound pre-packed complex 1A2K.u.ppk.pdb is docked at pH 5.6. The 

new score term weights are implemented using the three –patch arguments.  

(b) RosettaDock 

docking_protocol.<exe> –database <path_to_rosetta_database>  
–s 1A2K.u.ppk.pdb –native 1A2K.b.pdb                                 
–partners AB_C                                                    
–dock_pert 3 8 –spin                                                    
–ex1 –ex2aro  
–unboundrot 1A2K.u.pdb                                            
–nstruct 1000 

 

(c) Ensemble pHDock 

docking_protocol.<exe> 
–s 1ACB.u.ppk.pdb –native 1ACB.b.pdb                                 
–partners A_B                                                    
–ensemble1 pdblist1 –ensemble2 pdblist2                                                 
–dock_pert 3 8 –spin                                                    
–pH:pH_mode –pH:value_pH 6.5 
–pack_patch pH_pack –high_patch pH_dock –high_min_patch 
pH_min 
–ex1 –ex2aro  
–unboundrot 1A2K.u.pdb                                            
–nstruct 1000 

(d) Fix pHDock 

docking_protocol.<exe> 
–s 1ACB.u.ppk.pdb –native 1ACB.b.pdb                                 
–partners A_B                                                    
–dock_pert 3 8 –spin                                                    
–pH:pH_mode –pH:value_pH 6.5                                            
–pH:keep_input_protonation_state                                 
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–pH:fix_protonation_states 
–pack_patch pH_pack –high_patch pH_dock –high_min_patch 
pH_min 
–ex1 –ex2aro  
–unboundrot 1A2K.u.pdb                                            
–nstruct 1000 

 

Backbone ensemble generation 

(a) RosettaRelax  

relax.<exe> 
–s 1ACB.l.pdb                                                     
–ex1 –ex2aro  
–nstruct 500 

where 1ACB.l.pdb is the unbound ligand.
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Table 3.2 Docking performance summary. PDB IDs and pH values of the benchmark dataset used for the study. Discrimination scores, 
N5 values, Irmsd and fnat of the lowest-Irmsd and top-ranked models generated using pHDock and RosettaDock are also listed. 

PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

1A2K 5.6 0.09 0.44 0.73 0.00 0.84 0.00 1.91 2.18 9.30 5.87 0.06 0.08 
1ACB 6.5132 -0.24 0.01 3.22 4.23 1.13 1.14 2.35 2.33 2.37 3.15 0.21 0.22 
1AHW 5.3 -0.27 0.24 5.00 3.90 0.04 1.02 1.58 1.36 2.53 3.56 0.40 0.08 
1AK4 7 0.13 0.09 0.80 2.58 0.88 1.15 1.79 1.83 5.37 5.50 0.06 0.09 
1AKJ 6.5 0.00 0.12 2.56 2.07 1.18 1.14 1.34 1.38 15.69 3.96 0.04 0.34 
1ATN 6.6145 0.01 0.01 0.00 0.00 0.00 0.00 5.08 4.64 7.00 7.68 0.05 0.07 
1AVX 6.5 -0.23 -0.33 4.89 5.00 0.39 0.02 1.10 1.23 1.10 2.71 0.77 0.53 
1AY7 7 -0.17 -0.17 5.00 4.25 0.01 0.86 0.63 0.58 0.63 1.32 0.74 0.74 
1AZS 5.5 -0.03 -0.08 1.96 1.26 1.15 1.04 1.35 1.97 1.35 2.28 0.60 0.57 
1B6C 8.5 -0.37 -0.34 5.00 5.00 0.00 0.00 1.48 1.28 1.90 1.80 0.71 0.61 
1BGX 7.4 0.11 0.08 0.00 0.00 0.00 0.00 5.18 5.15 10.31 14.44 0.08 0.00 
1BJ1 6 -0.17 -0.28 4.94 4.98 0.28 0.17 1.25 1.11 1.50 1.11 0.56 0.71 
1BKD 8 0.07 0.07 0.00 0.00 0.00 0.00 4.83 5.06 7.12 6.82 0.11 0.12 
1BUH 7.5 0.30 -0.28 0.88 4.27 0.92 1.09 1.02 1.13 12.49 1.49 0.07 0.58 
1BVK 6.5 0.24 0.11 0.00 1.95 0.00 1.23 1.25 1.56 5.70 8.92 0.18 0.06 
1BVN 8 -0.14 -0.08 4.79 4.96 0.53 0.27 1.96 1.77 2.31 2.97 0.42 0.30 
1CGI 8.5146 0.03 0.04 1.06 2.62 0.95 1.20 2.36 2.41 9.65 3.59 0.06 0.24 
1CLV 5.4 -0.14 -0.34 4.96 4.85 0.22 0.47 1.66 1.67 1.96 1.86 0.46 0.62 
1D6R 8 -0.39 0.13 4.81 1.71 0.54 1.15 1.51 1.38 1.93 3.69 0.53 0.12 
1DE4 8 0.09 0.08 0.80 0.63 0.87 0.83 2.57 2.57 6.82 5.13 0.24 0.31 
1DFJ 5147 -0.17 -0.71 3.19 4.55 1.33 0.76 1.64 1.35 2.14 1.48 0.40 0.62 
1DQJ 4.6 0.03 0.14 1.99 1.00 1.25 0.93 2.16 2.63 2.73 12.40 0.53 0.00 
1E4K 5.8 0.01 -0.04 0.19 1.56 0.50 1.09 3.21 3.66 4.69 3.66 0.21 0.18 
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PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

1E6E 7.4 -0.42 0.06 4.78 4.65 0.53 0.65 1.21 1.29 1.50 3.69 0.71 0.40 
1E6J 7.5 0.01 0.11 3.87 1.42 1.00 1.03 1.15 1.15 2.72 4.24 0.51 0.31 
1E96 10.5 0.11 0.42 1.20 0.91 1.03 0.93 1.13 1.39 3.59 6.49 0.58 0.06 

1EAW 8 -0.06 0.00 5.00 5.00 0.00 0.04 1.06 1.28 3.55 3.73 0.15 0.15 
1EER 6.5 0.02 0.06 1.02 1.61 0.94 1.10 3.16 3.17 15.03 8.96 0.00 0.00 
1EFN 9 0.39 0.33 0.83 0.38 0.87 0.67 1.08 1.25 5.02 6.18 0.22 0.13 
1EZU 6.2 -0.44 -0.06 3.33 4.15 1.30 1.01 2.42 2.51 2.42 3.06 0.36 0.29 
1F34 3.5 0.19 0.24 0.96 2.89 0.95 1.20 2.56 1.92 8.26 8.25 0.04 0.05 
1F51 8.1 0.19 0.25 0.33 0.90 0.62 1.08 1.77 1.22 6.23 4.54 0.04 0.19 
1F6M 6 0.07 0.08 0.00 0.00 0.00 0.00 5.56 5.58 11.67 7.47 0.00 0.06 
1FC2 7* 0.23 0.12 0.58 1.27 0.79 1.04 2.13 2.24 7.55 6.26 0.13 0.25 
1FCC 7148 0.34 0.09 0.36 3.10 0.66 1.39 1.41 1.43 8.91 2.41 0.05 0.37 
1FFW 5.5 0.15 0.35 3.01 1.09 1.15 0.96 1.57 1.77 3.49 8.30 0.55 0.14 
1FLE 5.9 -0.05 0.07 3.52 3.65 1.09 1.11 2.13 2.18 3.38 3.39 0.25 0.27 
1FQJ 9 0.32 0.19 1.27 1.66 1.08 1.14 1.50 1.72 4.46 13.50 0.18 0.02 
1FSK 4 -0.68 -0.55 5.00 5.00 0.00 0.00 0.74 0.78 1.42 0.85 0.74 0.82 
1GCQ 6.5 0.06 0.00 3.39 3.96 1.06 1.01 1.37 1.38 3.22 5.51 0.33 0.13 
1GHQ 6 0.30 0.08 0.02 1.11 0.17 0.96 0.51 0.48 4.34 9.50 0.27 0.14 
1GL1 5 0.05 0.09 1.90 2.30 1.14 1.14 2.09 2.00 4.54 5.48 0.20 0.03 
1GLA 6149 0.25 0.41 1.04 0.00 0.94 0.00 1.72 1.99 8.85 5.53 0.13 0.21 
1GP2 7 0.00 0.09 2.52 0.92 1.21 0.92 2.38 2.32 3.46 4.23 0.34 0.22 
1GPW 8 -0.09 -0.19 4.98 4.78 0.16 0.61 0.96 1.21 1.10 2.15 0.60 0.38 
1H1V 7.5 0.09 0.09 0.00 0.00 0.00 0.00 5.96 5.76 12.39 17.33 0.00 0.00 
1HCF 7.5 -0.86 -1.03 3.19 4.94 1.35 0.29 0.79 0.75 0.97 1.58 0.77 0.74 
1HE1 8.5 -0.11 -0.07 5.00 3.64 0.00 1.14 1.50 1.52 2.29 1.89 0.50 0.38 
1HE8 6.3 0.21 0.64 2.25 1.41 1.31 1.08 1.06 0.90 3.33 15.09 0.73 0.00 
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PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

1HIA 6.3 -0.45 -0.13 3.15 3.54 1.10 1.19 1.73 2.04 1.92 2.75 0.36 0.38 
1I2M 6.5 -0.14 0.09 4.37 0.76 0.97 0.93 2.35 2.58 2.60 4.38 0.46 0.19 
1I4D 9 0.31 -0.05 0.00 2.64 0.00 1.22 1.91 1.79 4.81 1.94 0.16 0.49 
1I9R 6.5 0.19 0.21 3.07 0.11 1.14 0.39 0.93 1.01 3.52 19.47 0.24 0.00 
1IB1 7.5 0.10 0.06 1.03 0.01 0.98 0.09 3.21 3.96 16.24 17.35 0.00 0.00 
1IBR 6 0.04 0.12 0.00 0.00 0.00 0.00 5.13 5.89 7.66 16.61 0.04 0.00 
1IJK 5.6 0.29 0.12 0.20 0.25 0.51 0.58 1.57 1.74 9.50 6.96 0.04 0.15 

1IQD 7 0.08 -0.13 2.88 4.99 1.19 0.14 1.41 1.53 2.29 2.17 0.34 0.43 
1IRA 7 0.00 0.00 0.00 0.00 0.00 0.00 13.27 12.85 19.31 22.89 0.00 0.00 
1J2J 7.5150 0.01 -0.03 2.21 4.61 1.31 0.70 0.78 0.71 1.60 1.56 0.52 0.60 
1JIW 5.6 0.01 0.48 1.92 0.00 1.24 0.00 0.75 0.75 13.16 11.26 0.09 0.13 
1JK9 6 -0.36 -0.15 4.99 3.90 0.12 0.98 2.24 2.11 2.55 2.55 0.72 0.68 

1JMO 7.4 -0.10 0.00 0.00 0.00 0.00 0.00 4.79 5.01 5.50 5.13 0.31 0.34 
1JPS 7.5 -0.15 -0.05 4.98 3.52 0.14 1.06 0.79 1.24 2.12 2.24 0.54 0.33 
1JTG 8.8 -0.17 -0.38 5.00 5.00 0.01 0.07 0.90 1.06 1.74 1.06 0.49 0.63 
1JWH 9.3 0.06 0.31 1.73 0.54 1.11 0.75 2.36 2.38 4.52 7.46 0.14 0.14 
1JZD 4.9 0.13 0.04 0.00 0.33 0.00 0.62 3.42 3.06 18.57 5.40 0.00 0.11 
1K4C 5.4 -0.38 -0.32 5.00 5.00 0.01 0.00 1.12 1.32 1.37 1.60 0.67 0.67 
1K5D 7.5 0.00 0.12 4.00 0.01 0.93 0.14 1.90 2.14 3.23 6.49 0.25 0.01 
1K74 7.5 -0.35 -0.12 2.71 3.19 1.19 1.34 0.85 1.15 0.93 1.69 0.76 0.64 
1KAC 6.2 0.15 0.33 1.29 2.13 1.13 1.21 1.06 1.20 9.64 5.92 0.07 0.20 
1KKL 7.5 0.04 0.14 1.67 0.21 1.16 0.52 2.74 2.84 6.29 10.00 0.10 0.10 
1KLU 5.2 -0.31 -0.27 4.41 3.31 0.82 1.27 0.65 0.58 0.86 0.58 0.69 0.84 
1KTZ 4.5151 -0.35 -0.52 5.00 5.00 0.00 0.00 0.41 0.37 0.42 0.51 0.93 0.93 
1KXP 6.6 -0.51 -0.75 4.87 5.00 0.41 0.00 1.38 1.35 1.61 1.71 0.55 0.52 
1KXQ 7 -0.46 0.01 4.63 3.93 0.76 0.96 0.96 1.44 0.96 2.20 0.66 0.51 
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PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

1LFD 6.5 -0.03 0.19 1.89 0.22 1.15 0.55 2.26 2.37 2.44 5.76 0.52 0.09 
1M10 5.5 0.13 0.15 0.00 0.00 0.04 0.00 3.76 3.60 6.28 8.49 0.08 0.00 
1MAH 7152 -0.16 -0.13 5.00 4.99 0.04 0.13 1.10 1.09 1.52 2.32 0.52 0.38 
1ML0 4.1 -0.56 -0.86 5.00 5.00 0.05 0.00 1.07 1.03 1.16 1.20 0.80 0.77 
1MLC 6133 -0.11 0.13 2.49 2.60 1.17 1.17 0.90 1.22 1.12 2.59 0.71 0.37 
1MQ8 4.6 -0.08 -0.22 4.88 5.00 0.40 0.07 1.43 1.50 2.29 2.27 0.52 0.49 
1N8O 4 -1.12 -1.07 5.00 3.32 0.00 1.11 1.05 1.20 1.05 1.20 0.78 0.71 
1NCA 6.6153 -0.94 -0.43 5.00 4.00 0.00 0.97 0.26 0.32 0.26 0.32 0.88 0.85 
1NSN 8.5154 0.08 0.01 2.88 3.08 1.20 1.13 0.99 0.93 1.47 2.09 0.47 0.50 
1NW9 8 0.00 0.00 0.00 0.00 0.00 0.00 9.96 9.99 10.77 11.18 0.10 0.08 
1OC0 7.4 -0.05 -0.01 1.05 2.26 1.01 1.32 1.55 1.35 2.34 2.35 0.64 0.64 
1OFU 5.6 0.19 0.20 0.09 0.52 0.37 0.75 2.03 2.33 4.56 11.36 0.18 0.13 
1OPH 8.3 -0.35 -0.10 5.00 4.69 0.00 0.68 1.66 1.62 1.77 2.41 0.79 0.55 
1OYV 6 0.13 0.03 3.86 3.61 1.04 1.03 2.05 2.11 4.46 3.28 0.15 0.27 
1PPE 4.5155 -0.73 -0.70 5.00 5.00 0.00 0.00 1.00 0.92 1.02 0.97 0.72 0.69 
1PVH 7.5 -0.84 -1.07 5.00 5.00 0.00 0.00 0.42 0.44 0.54 0.52 0.83 0.83 
1PXV 6.3 0.04 0.02 0.00 0.00 0.00 0.00 4.58 4.49 11.91 13.05 0.04 0.04 
1QA9 7.5 -0.19 -0.11 5.00 4.98 0.00 0.15 0.78 0.73 0.99 0.97 0.73 0.77 
1QFW 8 -0.11 -0.45 1.88 4.48 1.14 0.86 0.84 0.93 1.08 1.04 0.66 0.87 
1R0R 8.5 0.25 0.07 0.69 1.41 0.88 1.04 1.28 1.47 7.65 7.40 0.12 0.09 
1R6Q 8.5156 0.03 -0.06 1.39 3.64 1.15 1.06 1.76 1.77 4.05 2.04 0.23 0.37 
1RV6 6.5 0.10 0.06 2.52 3.83 1.23 1.04 0.99 1.05 10.73 10.38 0.05 0.08 
1S1Q 4.6 -0.19 -0.01 4.97 4.58 0.19 0.85 1.04 1.05 1.43 3.92 0.61 0.32 
1SBB 8.5 -0.25 0.08 4.78 3.03 0.53 1.24 0.73 0.53 0.73 8.92 0.74 0.07 
1SYX 6.5 -0.12 -0.03 4.67 4.80 0.63 0.50 1.52 1.76 2.08 2.43 0.55 0.45 
1T6B 9 0.03 0.05 1.78 2.86 1.13 1.13 1.27 1.30 5.33 5.59 0.24 0.05 
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PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

1TMQ 8.5157 0.00 0.02 1.15 2.87 1.03 1.19 1.66 1.62 1.66 2.51 0.42 0.30 
1UDI 6.8158 -0.07 -0.23 4.88 5.00 0.39 0.02 1.12 1.29 3.01 3.05 0.27 0.23 
1US7 6 0.22 0.49 0.71 0.35 1.06 0.64 0.93 1.02 11.88 9.62 0.07 0.04 
1VFB 7.1159 0.04 0.19 2.86 3.43 1.20 1.06 0.67 0.61 4.05 3.28 0.27 0.18 

1WDW 5.6 -0.19 -0.30 5.00 4.57 0.04 0.75 1.58 1.62 2.58 1.79 0.38 0.46 
1WEJ 6.4 0.31 0.28 1.37 0.01 1.04 0.13 0.85 0.89 6.91 6.88 0.19 0.11 
1XD3 8.5 0.06 0.04 3.88 2.93 0.98 1.18 1.61 1.73 3.84 3.77 0.29 0.34 
1XQS 7.5 -0.11 -0.01 4.06 3.89 1.06 1.02 2.11 2.12 2.78 4.98 0.33 0.35 
1XU1 7.5 -0.31 -0.42 4.22 5.00 0.94 0.02 1.06 1.23 1.80 1.47 0.51 0.53 
1Y64 7.6 0.00 0.00 0.00 0.00 0.00 0.00 14.78 15.41 14.78 26.40 0.00 0.00 
1YVB 6 -0.12 0.04 4.86 5.00 0.45 0.06 0.94 0.76 1.22 2.57 0.52 0.39 
1Z0K 6 0.51 0.33 0.00 0.34 0.00 0.63 0.69 0.75 6.24 7.79 0.35 0.31 
1Z5Y 4.5 0.00 0.00 3.55 3.64 1.08 1.03 1.85 2.39 2.91 3.46 0.44 0.30 
1ZHH 9.5 0.45 0.47 1.68 1.24 1.15 1.10 1.50 1.88 4.09 13.17 0.24 0.03 
1ZHI 7.5 -0.04 -0.01 3.86 4.63 0.98 0.67 0.96 0.96 1.08 1.57 0.65 0.59 

1ZM4 7.2 -0.16 -0.06 4.61 3.98 0.83 0.99 2.20 2.39 2.69 2.53 0.38 0.45 
2A5T 7 0.13 0.35 1.08 0.00 0.97 0.00 1.76 1.65 4.37 13.58 0.38 0.02 
2A9K 7 0.00 -0.15 3.77 3.61 0.99 1.17 1.17 1.11 3.63 1.89 0.22 0.53 
2ABZ 8.5 -0.06 -0.02 4.42 4.66 0.79 0.66 1.26 1.29 3.10 3.03 0.33 0.33 
2AJF 7.5 0.28 0.30 1.30 0.93 1.13 0.93 0.95 0.88 16.01 15.29 0.14 0.00 
2AYO 8 -0.16 0.32 2.62 1.96 1.15 1.15 2.08 1.97 2.08 11.23 0.41 0.00 
2B42 4.6 -1.19 0.16 2.69 0.00 1.29 0.00 1.66 2.86 1.66 4.71 0.49 0.14 
2B4J 6.3 0.26 0.02 3.37 1.85 1.11 1.13 2.13 2.14 4.16 3.97 0.68 0.58 
2BTF 7* 0.12 0.33 3.73 1.33 1.02 1.14 1.48 1.43 3.06 7.51 0.37 0.07 
2C0L 6.5160 0.05 0.02 0.00 0.00 0.02 0.00 3.86 4.13 4.04 7.07 0.21 0.07 
2CFH 7.4161 -0.07 -0.20 4.80 5.00 0.49 0.00 1.83 1.81 3.40 2.11 0.29 0.40 
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PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

2FD6 6.5 0.16 0.08 2.60 2.50 1.17 1.20 1.28 1.47 3.83 2.30 0.27 0.64 
2FJU 8.5 0.16 0.26 3.17 2.43 1.34 1.27 0.84 0.88 2.94 3.30 0.59 0.41 
2H7V 6.5 0.00 0.10 1.58 2.29 1.09 1.18 2.28 2.11 2.96 4.17 0.30 0.19 
2HLE 7.8 -0.23 -0.18 4.80 4.81 0.50 0.50 1.74 1.74 1.85 2.25 0.46 0.47 
2HMI 7* 0.12 0.20 0.00 0.00 0.00 0.00 3.68 3.16 5.96 10.26 0.32 0.12 
2HQS 4.6 -0.18 0.38 3.63 2.57 1.04 1.28 2.01 1.70 2.01 8.05 0.46 0.00 
2HRK 7.2 -0.10 -0.19 2.62 4.57 1.27 0.75 1.19 1.45 1.70 1.56 0.69 0.72 
2I25 8.3 0.18 0.36 1.14 0.22 1.04 0.53 2.22 2.28 6.39 6.37 0.14 0.11 
2I9B 5.5 0.00 0.02 0.00 0.00 0.00 0.00 5.11 5.34 7.19 6.00 0.15 0.32 
2IDO 8 0.07 0.06 0.00 0.01 0.00 0.12 3.48 3.47 7.56 7.61 0.11 0.08 
2J0T 7.5 0.13 0.05 0.12 3.94 0.38 1.02 2.12 2.13 5.19 2.69 0.11 0.26 
2JEL 5.8 -0.58 -0.20 5.00 2.64 0.01 1.27 0.37 0.63 0.41 1.08 0.95 0.88 

2MTA 7* -0.15 -0.11 5.00 5.00 0.08 0.03 0.45 0.53 1.18 1.18 0.66 0.66 
2NZ8 6 0.37 0.07 0.00 0.32 0.00 0.62 2.96 3.11 9.42 9.50 0.11 0.08 
2O3B 5.5 0.07 0.11 0.95 0.01 0.94 0.10 3.16 3.23 10.58 10.65 0.07 0.07 
2O8V 4.6 0.32 0.41 0.01 0.00 0.13 0.00 1.51 1.49 8.37 9.32 0.16 0.21 
2OOB 5 0.02 0.17 2.25 2.44 1.22 1.17 1.16 1.25 7.03 7.07 0.23 0.27 
2OT3 6 0.05 0.12 0.00 0.00 0.00 0.00 4.75 4.95 7.26 13.57 0.09 0.03 
2OUL 7 -0.99 -0.94 5.00 5.00 0.00 0.00 0.65 0.64 0.69 0.65 0.78 0.82 
2OZA 6 0.02 -0.02 3.57 1.99 1.10 1.21 2.89 2.83 4.06 4.12 0.15 0.26 
2PCC 7162 0.43 0.45 1.66 1.35 1.21 1.10 0.42 0.33 7.87 3.08 0.20 0.25 
2QFW 8 0.29 0.01 1.28 3.41 1.13 1.11 1.15 1.02 14.11 11.99 0.00 0.00 
2SNI 5.6163 -0.22 -0.30 5.00 4.89 0.00 0.43 0.86 0.91 1.19 0.94 0.66 0.66 
2UUY 6.5164 -0.18 -0.05 4.97 3.91 0.20 1.02 1.33 0.78 1.78 5.90 0.59 0.10 
2VDB 7.5165 -0.49 -0.84 5.00 5.00 0.00 0.01 0.50 0.55 0.56 0.84 0.78 0.72 
2VIS 6166 0.53 0.40 0.00 0.00 0.04 0.00 1.44 1.65 11.99 11.80 0.08 0.06 
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PDB pH 
Discrimination Score N5 (Mean) N5 (SD) Best Irmsd Best scored Irmsd Best scored fnat 
pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock pHDock RsDock 

2Z0E 5.8 -0.03 -0.03 1.82 1.69 1.14 1.19 3.69 3.55 4.93 4.01 0.13 0.17 
3BP8 5.5 0.22 0.62 1.33 0.11 1.14 0.39 1.70 1.24 10.44 7.49 0.08 0.13 
3CPH 5.5 0.17 0.16 0.08 0.00 0.35 0.00 2.80 2.79 9.15 9.21 0.07 0.02 
3D5S 7 -0.29 -0.96 4.55 4.99 0.76 0.14 0.62 0.64 0.62 0.64 0.82 0.74 
3SGQ 10.7 -0.20 0.13 3.34 3.45 1.31 1.11 0.72 0.85 0.98 7.89 0.76 0.11 
4CPA 7.5167 0.67 0.14 0.98 0.96 1.08 0.93 1.21 1.46 7.21 6.37 0.21 0.15 
7CEI 6 -0.71 -0.73 5.00 5.00 0.02 0.00 0.52 0.47 0.72 0.55 0.83 0.90 

BOYV 6 -0.06 -0.53 2.11 4.25 1.21 1.12 1.24 1.24 1.24 1.42 0.59 0.63 
 

The pH values are extracted from the PDB coordinate files of the bound complexes. For structures missing pH information in the PDB 
file, I used the pH value from the corresponding original research article if available (citations added). For the remaining structures, I 
assumed a physiological pH of 7.0 (indicated by *). 
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Table 3.3 Ensemble pHDock performance summary. PDB IDs and pH values of the benchmark subset used for ensemble pHDock. 
Discrimination scores, Irmsd, fnat, and number of recovered native interface hydrogen bonds in the top-ranked models generated using 
ensemble pHDock are compared to pHDock and RosettaDock. 

PDB pH 

Discrimination score Best scored Irmsd Best scored fnat 
Recovered native 

interface hydrogen bonds 

RsDock pHDock Ens 
pHDock RsDock pHDock Ens 

pHDock RsDock pHDock Ens 
pHDock Total RsDock pHDock Ens 

pHDock 
1ACB 6.5 0.01 -0.24 0.46 3.15 2.37 4.32 0.22 0.21 0.19 7 1 0 1 
1AY7 7 -0.17 -0.17 -0.67 1.32 0.63 0.72 0.74 0.74 0.82 9 2 6 6 
1B6C 8.5 -0.34 -0.36 -0.58 1.80 1.90 1.50 0.61 0.71 0.78 2 0 0 0 
1BVK 6.5 0.11 0.24 0.05 8.92 5.70 1.97 0.06 0.18 0.61 8 1 1 1 
1CGI 8.5 0.04 0.03 0.01 3.59 9.65 2.60 0.24 0.06 0.42 8 0 0 1 
1DFJ 5 -0.71 -0.17 -0.50 1.48 2.14 1.96 0.62 0.40 0.60 4 0 0 0 

1EAW 8 0.00 -0.06 -0.10 3.73 3.55 1.51 0.15 0.15 0.50 11 0 1 2 
1KTZ 4.5 -0.52 -0.35 -0.38 0.51 0.42 1.25 0.93 0.93 0.71 6 2 3 3 

1MAH 7 -0.13 -0.16 -0.23 2.32 1.52 1.80 0.38 0.52 0.44 5 1 0 0 
1MLC 6 0.13 -0.11 -0.07 2.59 1.12 2.44 0.37 0.71 0.51 6 0 0 0 
2BTF 7 0.33 0.12 -0.10 7.51 3.06 2.11 0.07 0.37 0.43 7 0 0 1 
2JEL 5.8 -0.20 -0.58 -0.74 1.08 0.41 0.68 0.88 0.95 0.93 7 3 3 4 
2PCC 7 0.45 0.43 0.40 3.08 7.87 3.83 0.25 0.20 0.50 1 0 0 0 
2SNI 5.6 -0.30 -0.22 -0.19 0.94 1.19 1.50 0.66 0.66 0.63 8 4 2 4 
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Chapter 4 

Extending RosettaDock with water, sugar and pH for 

prediction of protein complex structures and affinities 

Previously published as: 

Kilambi, K.P., Pacella, M., Xu, J., Labonte, J.W., Porter, J., Muthu, P., Drew, K., Kuroda, 

D., Schueler-Furman, O., Bonneau, R., Gray, J.J. “Extending RosettaDock with water, 

sugar and pH for prediction of complex structures and affinities for CAPRI rounds 20-27,” 

Proteins 81(12), 2201-2209 (2013). 

Reprinted with the permission of the publisher, Wiley Periodicals, Inc. with minor 

revisions. 

4.1 Summary 

Rounds 20-27 of the Critical Assessment of PRotein Interactions (CAPRI) provided a 

testing platform for computational methods designed to address a wide range of challenges. 

The diverse targets drove the creation of and new combinations of computational tools. In 

this chapter, I describe use of RosettaDock and other novel Rosetta protocols to 

successfully predict four of the ten blind targets. For example, for DNase domain of Colicin 

E2 – Im2 immunity protein, I used RosettaDock and RosettaLigand to predict the positions 

of water molecules at the interface, recovering 46% of the native water-mediated contacts. 

For α-repeat Rep4 – Rep2 and g-type lysozyme – PliG inhibitor complexes, I built 

homology models and used standard and pH-sensitive docking algorithms to generate 

structures with interface RMSD values of 3.3 Å and 2.0 Å, respectively. I also developed 

and employed a novel flexible sugar–protein docking protocol for structure prediction of 
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the BT4661–heparin-like saccharide complex, recovering 71% of the native contacts. 

Challenges remain in the generation of accurate homology models for protein mutants and 

sampling during global docking. On proteins designed to bind influenza hemagglutinin, I 

identified only about half of the mutations that affect binding (T55: 54%; T56: 48%). The 

prediction of the structure of the xylanase complex involving homology modeling and 

multi-domain docking pushed the limits of global conformational sampling and did not 

result in any successful prediction. The diversity of problems at hand requires 

computational algorithms to be versatile; my additions to the Rosetta suite expand the 

capabilities to encompass more biologically-realistic docking problems.  

4.2 Introduction 

Protein interactions are critical for biological function. Structural studies of protein 

interactions not only aid in deciphering their functions but also provide vital information 

on putative therapeutic targets. Structural studies of protein interactions often rely on 

experimental methods such as X-ray crystallography and nuclear magnetic resonance for 

the determination of protein complexes. These methods are often expensive and time 

consuming, and structural genomics studies lack the throughput to match the explosion of 

sequence-based interaction data. Computational prediction of the structures of protein 

complexes can fill the void and provide an alternative to expedite the investigations.  

Since its inception, the Critical Assessment of PRotein Interactions (CAPRI) has served as 

the premier platform for testing new protein docking methods.168 CAPRI challenges often 

involve blind prediction of the structures of protein complexes, given the sequences or the 

unbound coordinates of the individual partners. Recently CAPRI has expanded to 

encompass more varied biomolecular interaction problems. To tackle the challenges in 
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CAPRI rounds 20-27, I used RosettaDock,26 a Monte Carlo-based docking algorithm, as 

the basis to develop, test and refine new protocols. 

Previous CAPRI rounds highlighted the advantages of the inclusion of experimental 

biochemical information30 and the incorporation of backbone flexibility16 during docking 

predictions. Availability of biochemical data was the single most important determinant of 

the docking success, as it drastically shrinks the conformational search space and reduces 

a global search problem to a local search problem. In CAPRI rounds 20-27, I was able to 

find and use experimental biochemical information to localize sampling for three targets 

(Targets 47, 50, 58). Additionally, algorithms such as EnsembleDock27 and SnugDock28 

were critical for protein backbone conformational flexibility simulations, leading to several 

other successful CAPRI predictions. As CAPRI frequently provides only the starting 

sequences of the protein partners (as opposed to the unbound coordinates), I used 

homology modeling for constructing the starting structures. Incorporating backbone 

flexibility with EnsembleDock was a critical strategy to compensate for homology 

modeling inaccuracies. Over all the rounds, I used EnsembleDock for seven distinct targets. 

The latest CAPRI rounds 20-27 presented far more diverse and challenging targets 

compared to the previous rounds. The problems included prediction of water molecules at 

the binding interface after prediction of the complex structure (Target 47), use of 

experimental SAXS data (Target 58), flexible sugar-protein docking (Target 57), and 

multi-domain assembly (Target 51). In addition, for the first time CAPRI also requested 

affinity predictions. For these binding prediction rounds, the assigned tasks included 

discrimination of designed and natural protein-protein interfaces (Targets 43-45) and the 

prediction of mutation effects on binding affinities (Targets 55-56). The unique amalgam 
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of targets tested the versatility and adaptability of RosettaDock, with each round 

demanding new code development and testing. In this chapter, I outline the methods I used 

to address each of these challenges and suggest further changes to improve prediction 

accuracy. 

4.3 Methods and Results 

In the CAPRI prediction rounds 20-27, I achieved one high, one medium and two 

acceptable-quality predictions (Table 4.2). To analyze the target performance, I used 

several new pertinent metrics (e.g., native water-mediated residue contacts in Target 47) in 

addition to the standard CAPRI evaluation metrics such as ligand root mean square 

deviation (Lrmsd), interface root mean square deviation (Irmsd) and fraction of native 

contacts (fnat).122  

I present details only of the prediction targets that required development of new protocols. 

Targets addressed using conventional RosettaDock-based protocols are discussed in the 

detailed publication.44 I also discuss the newly developed pipeline for the scoring 

challenges.  

4.3.1 Target 47: Colicin E2–Im2 immunity protein interface water prediction 

In Target 47, the sequence of colicin E2 DNase domain and the unbound crystal structure 

of the cognate IM2 immunity protein (Protein Data Bank142 (PDB) ID: 2WPT: A169) were 

provided. The challenge was to predict not only the structure of the protein complex but 

also the positions of the water molecules at the binding interface.  
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Figure 4.1 Interface water prediction. Target 47: Water-mediated residue contacts at the 
interface of Colicin E2 DNase domain–Im2 immunity protein complex. The predicted 
contacts in the model (magenta) are compared to those in the crystal structure (yellow). 
In the best model, 13 buried water molecules were predicted, capturing 46% of native 
water-mediated residue contacts. 

Since RosettaDock uses a score function with an implicit solvation model,22 I had to design 

a new method to predict explicit water positions. I used MODELLER170 and three crystal 

structure templates (2WPT: E9-IM2, 1EMV171: E9-IM9, and 7CEI172: E7-IM7) to build 

three bound complex homology models of E2-IM2. I further refined each model either by 

Rosetta local docking refine26 or RosettaRelax11,90 (fast relax) to generate nine total 

homology structures. After superimposing the nine homology models onto their original 

crystal templates, I used the coordinates of the water molecules in the original crystal 

templates as starting positions for the water molecules at the E2-IM2 interface. I defined 

all template water molecules within 3 Å of both protein partners as interface water and 

represented them by the classical TIP3P model.173 I then used the RosettaLigand 

protocol174 to individually dock each water molecule to the dry homology model starting 
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from its initial position. I then merged all the optimized water positions back into one 

model. If two water molecules clashed, I inspected the original ligand docking histories of 

both waters to find alternative low energy coordinates without clashes. I conducted a final 

round of protein side-chain repacking with all the interface water molecules fixed. I ranked 

the final structures based on their interface scores and submitted 9 models with interface 

water predictions and one model ignoring the water molecules. 

The released crystal structure (3U43175) revealed 23 water molecules at the interface. For 

our submitted structure with the best water prediction (Figure 4.1), 13 buried water 

molecules were predicted, capturing 46% of native water-mediated residue contacts (𝑓𝑓natwmc 

,which is analogous to fnat ,122 but measures indirect water-mediated contacts instead of 

direct receptor–ligand contacts). Overall, 6 of our models achieved medium-quality (0.3< 

𝑓𝑓natwmc <0.5), and one model was of acceptable-quality (0.1< 𝑓𝑓natwmc <0.3) placing my team 

6th among the 20 participating groups (The two top performing groups employed explicit 

solvent MD simulations and recovered over 60% of the native water-mediated contacts). 

Most of the water-mediated contact predictions that failed were due to interface distortions 

arising from errors in the homology models used for docking. I also did not attempt water 

placement at the periphery of the complex interface. Solving these two problems would 

improve water predictions, which might translate to gains in the accuracy of high-

resolution docking. However, in this case, the water molecules at the interface did not aid 

the docking predictions. Our closest submitted structure generated by ignoring the interface 

water molecules was a high-quality prediction with 0.6 Å Irmsd and 0.82 fnat.  
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4.3.2 Target 58: g-type Lysozyme–PliG inhibitor SAXS data and pH-sensitive 

docking 

In Target 58, the unbound coordinates of g-type lysozyme (3MGW176) and PliG lysozyme 

inhibitor (4DY3177) were given. For the first time in the CAPRI challenge, the experimental 

SAXS data of the complex was also provided allowing docking algorithms the option to 

use it to constrain docking orientations.  

 

Figure 4.2 pH-sensitive docking and use of SAXS data. (a) Medium-quality prediction of 
the g-type lysozyme in complex with the PliG inhibitor. The orientation of the inhibitor 
generated using pH-sensistive docking at an environment pH of 6.2 (cyan) is compared to 
the native crystal structure (blue) after superimposing the coordinates of the lysozyme. 
(b) Ligand RMSD (Lrmsd) vs SAXS χ value evaluted using CRYSOL for predicted complex 
structures. 

I first carried out standard global docking without using any known binding site 

information, leading to a model with a reasonable interface score (-8.54 Rosetta Energy 

Units). Published biochemical information on the binding site177 supported the docking 

orientation. I then performed high-resolution docking refinement on the best model 

obtained by the global docking run to further improve the relative orientation of two 
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proteins. Finally, I used CRYSOL178 to evaluate SAXS χ values for the models to quantify 

the discrepancy between experimental SAXS data and theoretical curves for the models.  

The SAXS χ values of the top models agreed with the experimental data and improved the 

confidence of the predictions. 

Since lysozyme functions in a low pH environment,141 it served as an ideal target for 

conducting the first blind tests of our prototype pH-dependent docking algorithm. The 

Rosetta pH-docking algorithm incorporates dynamic residue protonation states during the 

side-chain sampling steps in the docking protocol. The favorable protonation states at a 

given environment pH and docking orientation are determined based on the residue pKa 

values evaluated using the Rosetta-pH algorithm.42 I submitted one structure using pH-

docking algorithm at a pH of 6.2 (unbound crystal structure pH of the lysozyme) resulting 

in a prediction 2.02 Å Irmsd away from the native structure (Figure 4.2a). However, the 

closest structure generated using the standard methods resulted in a slightly better structure 

with 1.94 Å Irmsd and 0.44 fnat. Overall, our submissions resulted in two medium-quality 

and one acceptable-quality predictions. 

Retrospectively, I examined the correlations between the Rosetta score, Lrmsd and the 

experimental SAXS data. Although the SAXS data could filter some decoys that have high 

RMSD against the native complex, there is no correlation between Lrmsd of the 

RosettaDock generated decoys and the SAXS χ values computed by CRYSOL (Figure 

4.2b). The globular shape of each protein in the complex might be one explanation. Though 

the SAXS data did not directly aid in ranking the generated top-scoring decoys, they help 

in decoy enrichment. Among the 10% top-scoring structures, filtering decoys with the top 
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10% χ values (χ < 1.16) recovers > 50% of the near-native decoys, indicating five-fold 

enrichment (Figure 4.3).  

 

Figure 4.3 SAXS score effectiveness. Percentage of the near-native decoys (Lrmsd < 10 Å) 
recovered from the top-scoring 10% of decoys using various SAXS χ values as a filter cut-
off. Filtering decoys with the top 10% χ values (χ < 1.16) recovers > 50% of the near-native 
decoys, a five-fold enrichment.  

4.3.3 Target 57: Heparin-like saccharide–BT4661 protein docking 

For Target 57, the unbound structures of a six-residue heparin-like oligosaccharide and 

protein BT4661 were provided. The Rosetta modeling suite did not have parameters for 

the sugar molecules. Also, Rosetta relies on residue-specific rotamer libraries for side-

chain flexibility, but no such libraries existed for oligosaccharide residues. Fortunately, a 

few possible approaches for these problems had been recently described in the study by 

Drew et al.45 Following their work incorporating peptidomimetics in Rosetta, I generated 

a distinct parameter file for each saccharide residue (defined by a single six-carbon ring 

plus stereochemistry), modified core Rosetta code to allow minimization of carbohydrate 
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backbone and side-chain torsion angles, and developed a method of sampling discrete low-

energy ring conformations. I also defined a library of low-energy side-chain rotamers for 

each saccharide residue by scanning side-chain torsion angles and performing quantum 

mechanical calculations on each rotamer (Gaussian software with Hatree–Fock 

optimization and MP2 energy calculations with a 6-31G(d) basis set). I used the same 

technique to generate a library of low-energy oligosaccharide backbone conformers by 

scanning the φ/ψ angles (Figure 4.4a) for each consecutive heparin residue pair. 

 

Figure 4.4 Flexible sugar–protein docking. Target 57: (a) Detail of the sugar model, 
outlining the degrees of freedom manipulated by the algorithm: the backbone φ/ψ 
angles, side-chain χ angles, and ring conformations (two representative conformations 
shown of the eight low-energy conformations in the library) (b) Acceptable-quality 
prediction (green) of the heparin-like oligosaccharide in complex with the protein BT4661 
compared to the crystal structure (blue). The model recovered 71% of the native sugar-
protein residue–residue contacts.  
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Figure 4.5 Flowchart of the prototype SugarDock algorithm. Initial perturbations of sugar 
φ/ψ angles were selected from a library of low-energy backbone conformations as 
predetermined by QM calculations. Ring conformations were selected from a set of 8 
conformations, including 2 chair and 6 twist-boat conformations and were weighted to 
give a 2:1 ratio of chair to twist-boat conformations. I modified the attractive and 
repulsive terms ten-fold each and ramped them to their original values over a ten-round 
cycle.  

I implemented a SugarDock algorithm (flowchart in Figure 4.5) based on FlexPepDock,179 

a flexible oligomer docking protocol for protein–peptide docking. The docking protocol 

began with a random rigid-body perturbation, followed by random perturbation of the 

initial saccharide backbone torsion angles based on quantum mechanical predictions of 

energy minima. Multiple rounds of small φ/ψ perturbations and ring conformation switches 

(Figure 4.4a-b) were performed along with discrete sampling of side-chain rotamers. 

Following FlexPepDock, I ramped the weights on the Van der Waals attractive and 

repulsive terms gradually down and up respectively, to sample conformations that are 
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inaccessible due to the high-energy barriers when using standard weights. Finally, the side-

chain torsion angles and rigid-body orientation of the oligosaccharide were minimized. I 

used constraints to prevent the rings from breaking apart during minimization. Our flexible 

sugar–protein docking algorithm led to an acceptable-quality prediction that recovered 

71% of the native contacts (Figure 4.4c), placing 7th among 31 participating groups (based 

on Irmsd).  

4.3.4 Targets 43-45: Natural vs. designed interface discrimination 

Instead of the usual structure prediction challenges, Targets 43-45 asked to develop a 

metric to discriminate natural interfaces from computationally designed interfaces. Eighty 

seven designed and 120 natural complexes were provided for discrimination. I evaluated 

the following metrics for each protein complex: 1. Interface area per residue, 2. Number of 

interface contacts per unit surface area, 3. Solvent accessible surface area (polar and total) 

of the complex, 4. Van der Waals energy (Rosetta attractive and repulsive Lennard-Jones 

terms), and 5. Solvation penalty (Rosetta LK model22). Only the interface area per residue 

metric (Aint/Nres) showed a distinction between native and designed complexes with the 

designed complexes exhibiting smaller average Aint/Nres values. The distributions of all 

other metrics revealed no significant separation between the native and the designed 

complexes. The submissions based on the Aint/Nres metric alone resulted in a 70% AUC on 

the ROC curve showing true- and false- positive classification (see Fleishman et al.47 for 

details). 

4.3.5 Targets 55-56: Hemagglutinin binders affinity predictions 

Targets 55-56 required prediction of the influence of mutations to each of the 20 natural 

amino acids at every position in two de novo designed proteins (HB36.4, HB80.3), by 
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classifying each mutation as deleterious, neutral or beneficial to binding. I generated 

predictions in two phases during the challenge. In the first phase, only the crystal structures 

of the designed proteins bound to hemagglutinin were provided.  I first refined the provided 

structures to relieve clashes and to calculate the wild-type binding score using the 

RosettaDock score function.  I then performed each mutation (every amino acid at every 

position) and re-optimized the structure by repacking all protein side chains within a 10 Å 

sphere of the mutation site.  Afterwards, I re-optimized the rigid body orientation of the 

designed proteins using gradient-based minimization.  Finally, I calculated the binding 

score (𝐸𝐸complex − ∑ 𝐸𝐸ipartners ) of each mutated complex for analysis.  

 

Figure 4.6 Histogram of the binding energies for mutants. Binding energy distributions 
for CAPRI targets T55 and T56. 

A histogram of binding energies for all the mutations in each dataset (with the zero set to 

the binding energy of the wild-type complex) is shown in Figure 4.6. Mutations were 

classified as beneficial, neutral, or deleterious by selecting binding score cutoffs. A 

numeric confidence score was assigned by normalizing the binding energy to be between 

zero and one over the range of mutations classified as neutral (beneficial mutations were 

all set to 1, and deleterious were all set to 0). The top 2% of mutations were classified as 

beneficial based on a published frequency of beneficial fitness effects in new mutations.180 
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Approximately 20% of the worst scoring mutations were classified as deleterious, lower 

than the expected frequency to avoid false positives because of the rigid protein backbone 

used by our algorithm. The remaining mutations were classified as neutral. For targets 55 

and 56, 54% and 48%, respectively, of all predictions were correct.  The percentages of 

correct predictions for interface positions were slightly lower at 52% and 47%, 

respectively. The Kendall τ rank order correlation values for all T55 and T56 predictions 

were 0.166 and 0.139 (0.188 and 0.223 for interface residues). 

 

Figure 4.7 Binding score distributions for mutants. Distributions of the scores for 
beneficial (blue) and deleterious (red) mutations for Targets 55 and 56 calibration set. A) 
After score function calibration, the distributions are distinct with small overlap. B) After 
repeating the protocol and rescoring the structures, the discrimination is lost and the 
distributions significantly overlap. 

In the second phase of the challenge, we were provided with affinity data in the form of 

experimental enrichment ratios for a subset of the mutations (approximately 15% of all 

possible mutations). In this phase, our goal was to use experimental data to tune the 
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RosettaDock score function for improved mutant discrimination. I used generalized linear 

regression to re-calculate weights for the standard terms in the RosettaDock score function 

to maximize the average binding energy gap between beneficial and deleterious mutations.  

Table 4.1 Binding energy function. Weights for terms in the energy function 
parameterized for mutant discrimination. 

Weight 1.57 0.003 1.46 1.93 0.16 
Potential fa_atr fa_rep fa_sol hack_elec fa_dun 

 

The resulting score function (Table 4.1) achieved good discrimination when applied to our 

initial set of refined mutant complexes. However, after re-generating a second set of mutant 

complexes, the discrimination was completely lost (Figure 4.7). Hence, I did not submit 

any predictions. These data suggest that the new score function is sensitive to small 

stochastic changes encountered during Rosetta protocols. More detailed discussion of the 

methods and results are available in the community publication.181 

4.3.6 Target 51: Xylanase multi-domain assembly 

Target 51 was a multi-domain assembly problem of xylanase Cthe_2193’s six modules: 

GH5-CBM6-CBM13-Fn3-CBM62-dockerin. As conformational sampling even for a 

single protein interface is challenging, the multiple interface predictions pushed the limits 

of global docking.  The experimental construct lacked the C-terminal dockerin, and the 

coordinates of the GH5-CBM6 pair and the module CBM62 were provided.  

I built the CBM13 and Fn3 domains based on the PDB templates xylan binding domain 

(1KNL182) and Fn3-like protein (3MPC183), respectively. Using the given sequence of 

Cthe_2193, I built the complete complex homology model connecting all the pieces using 

SWISS-MODEL.184,185  
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To determine the domain binding modes, I removed the loop (six residues) connecting two 

domains, constrained the terminus distance (<16 Å), and docked the two domains using a 

variant of our domain insertion protocol.186 For top-scoring decoys, I rebuilt the loops using 

KIC loop modeling method187 to reconnect the domains. Since the structure of GH5-CBM6 

was provided, I docked various possible docking domain combinations by randomizing the 

docking partners (varying both the number and order of domains). I selected decoys 

without broken loops and ranked them using the standard RosettaDock score function.  

None of the submitted models resulted in a successful prediction. Docking multiple 

domains is challenging because of the vast conformational search space. Even with 

extensive sampling, scoring the vast number of generated conformations increases the 

chance for false-positive predictions. Availability of biochemical information localizing 

the search will drastically simplify the problem. 

4.3.7 Standard Targets 

Some CAPRI targets were approachable with the standard toolset. For these predictions, I 

employed RosettaDock and its flexible-backbone alternative EnsembleDock. For Target 

53, I managed three acceptable-quality predictions, and the best structure had an Irmsd of 

3.3 Å and 0.15 fnat. I was unable to achieve any successful prediction for the remaining 

targets (Targets 46, 48, 49, 50, 54).  

4.3.8 Novel RosettaDock based scoring protocol 

In the CAPRI scoring challenges, participants are provided a set of protein complexes 

generated by different algorithms and are tasked with the identification of near-native 

structures within that set. From the seven targets I attempted, I achieved one high, two 
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medium and two acceptable predictions, placing our group fourth among all the 

participating teams.  

This was the first attempt to develop a systematic pipeline for participating in the CAPRI 

scoring challenge. The pipeline had two major stages: 1) a strategy for leveling the playing 

field for structures generated by different docking algorithms via a relaxation process and 

2) a new score for identifying the near-native decoys from a set so processed. For each 

target, after curating input files to achieve equal number of residues and a common 

sequence, the structures were optimized using a sequence of rotamer-based side-chain 

packing,24 rigid-body refinement,26 relaxation, and minimization11,90 steps. The structures 

were then scored using the RosettaDock score function structures with a balance of good 

interface and total scores were selected after visual inspection of the structures. This 

approach helped achieve a high-, medium-, and acceptable-quality prediction for Targets 

47, 49 and 50. For Target 51 involving multiple xylanase domains, structures were refined 

after removing connecting loops and domain 5. The structures were manually analyzed and 

those with good interface and total scores, and closable loop distances were submitted. The 

submission achieved an acceptable-quality prediction. 

During the later CAPRI scoring rounds, the process was automated by developing an 

“elliptic score” for discrimination.188 The elliptic score is based on the observation that 

near-native structures have both low interface and total scores. Instead of simply using a 

linear combination (as in Raveh et al.179), the two scores were combined nonlinearly, 

increasing the penalty for being very high in only one of the two constituent scores using 

elliptic level sets in the total score-interface score plane. The new workflow and elliptic 

score were used for Target 53 to complete the scoring challenge in an entirely automated 

113 
 



fashion. After standard structural refinement, the top-scoring structures yielded a medium-

quality prediction, tying for third position among the 11 scoring challenge participants.  

4.4 Discussion 

In the prior CAPRI rounds 13-19,16 flexible backbone implementations of the RosettaDock 

algorithm, EnsembleDock and SnugDock, were used for predicting protein-protein 

interfaces. However, in more than half of the CAPRI rounds 20-27, I developed and 

employed new protocols with improvements such as incorporating environmental effects 

(pH) and non-protein biomolecules (SugarDock). CAPRI not only helped me expand the 

boundaries of RosettaDock, but also provided me a guide to future improvements and areas 

of focus. The powerful object-oriented design of the Rosetta modeling suite19 proved a 

major asset as I adapted the protocols to address an array of targets. Here I outline steps to 

improve the new protocols designed for the CAPRI targets and a few possible solutions for 

the aforementioned challenges. 

The recent CAPRI rounds tested the versatility of RosettaDock in tackling diverse docking 

challenges. Since many targets required new protocol development and testing in stringent 

time frames, there is tremendous opportunity for further improvements in the prototype 

methods. For example, in interface water prediction (Target 47), I docked each water 

molecule individually followed by superposition and elimination of clashing water 

molecules to achieve the final prediction. An advantage of my approach is the speed gain 

by using a semi-implicit water treatment, similar to other recent work. 104,189 The CAPRI 

results reveal that additional work is needed to account for the interactions of multiple 

water molecules through simultaneous multiple ligand docking.  
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Simulation of sugar molecules is challenging because of their high conformational 

flexibility. The Rosetta modeling suite provides a potentially fast and accurate platform for 

modeling sugars since it employs fast sampling of discrete libraries of pre-generated low-

energy conformers. For Target 57, my algorithm incorporated several sugar flexibility 

moves including sampling of the side-chain and backbone torsional angles and ring 

conformation moves, leading to an acceptable-quality prediction. Rigorous benchmarking 

and generalizing the tool to accommodate the vast chemical diversity of oligosaccharide 

residues will be needed to deploy the protocol widely for the many important structural 

biology problems involving sugars.190  

Traditionally, Rosetta has not included the effects of environmental conditions such as 

temperature, salt or pH. I incorporated tools to account for pH by dynamically sampling 

side-chain protonation states.42 Protonation and deprotonation is critical in docking since 

protonation state change contributes to the binding energy in approximately half of the 

protein complex interfaces of Docking Benchmark 4.0.119 Hence, I developed the Rosetta 

pH-sensitive docking algorithm to sample residue protonation states dynamically during 

simulations. Target 58 was the ideal case for the successful first blind test of our prototype 

pH-sensitive docking algorithm. However, for Target 58, even standard docking produced 

comparable results indicating room for further improvements. 

Besides new code development, two familiar factors made the recent CAPRI rounds 

especially demanding. First, global docking predictions were unreliable, which has been a 

recurring theme in several past CAPRI rounds.16,29,30 I employed global docking to 

successfully predict a medium-quality structure for the lysozyme-inhibitor complex 

(Target 58).  
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However, global docking limitations hindered our performance on the other targets. To test 

the reasons for the docking failures, I selected the crystal structures of Target 46 (3Q87191) 

and Target 50 (3R2X192) and used RosettaDock global and local docking runs to generate 

decoys. For Target 46, the energy funnel plot generated from the global docking decoys 

showed very limited sampling within 5 Å from the native structure (Figure 4.8a). Also, the 

decoys generated from native crystal structure refinement scored much lower than the 

global docking decoys. These observations clearly implicate sampling limitations of global 

RosettaDock. For Target 50, local RosettaDock produced a pronounced energy funnel 

(Figure 4.8b), but global docking failed, again showing the challenge of sampling a larger 

conformational space. For Target 49, I was able to achieve an acceptable-quality prediction 

during the scoring challenge, but failed during the predictions, further highlighting global 

sampling issues.  

 
Figure 4.8 Docking plot analysis. Interface Score funnel plot showing models generated 
blindly (blue) by high-resolution refinement of the native crystal structure (red). A) For 
Target 46, global docking shows very little sampling within 5 Å of the native structure. B) 
For Target 50, local docking generates a good funnel though the global docking attempts 
fail to generate even an acceptable quality prediction. 

-13.2

-11.2

-9.2

-7.2

-5.2

-3.2

-1.2

0 5 10 15 20

In
te

rf
ac

e 
Sc

or
e 

(R
EU

)

Irmsd (Å)

a Target 46

-8.4

-6.4

-4.4

-2.4

-0.4

0 5 10 15 20

In
te

rf
ac

e 
Sc

or
e 

(R
EU

)

Irmsd (Å)

b Target 50

116 
 



Biochemical information can be used to reduce the search space, but finding reliable 

experimental data can be difficult if the targets are not well studied. Since recent studies 

show that templates for all possible structural complexes are already available,193 using 

protein complex databases31,194 to reduce the conformational search space might be a viable 

solution. Also, other approaches such as the replica exchange docking algorithm,138 starting 

docking simulations from decoy clusters based on inter-residue contacts195 or pairwise 

RMSD,196 and using faster FFT-based docking algorithms197,198 are possible options to 

improve the sampling during global docking.  

Second, targets from recent rounds often involved homology modeling and binding affinity 

predictions, two tasks that are not the primary focus of RosettaDock, which was designed 

to predict accurate complex predictions from unbound crystal coordinates. Seven of the 

targets in CAPRI rounds 20-27 required homology modeling for at least one of the protein 

partners. Previous studies demonstrated using SnugDock (antibody-antigen complexes) 

that an ensemble of homology models can compensate for homology modeling errors.28 

For Target 53, using EnsembleDock with homology models helped achieve an acceptable-

quality prediction. Unfortunately, none of the other three submissions generated using 

EnsembleDock were successful. Also, Targets 43-45 and 55-56, which involved binding 

affinity predictions, were especially challenging. The uninspiring performance for these 

targets implicates deficiencies in the Rosetta score function. The score function was tuned 

to maximize the energy gap between near-native and non-native structures. Calibrating the 

score function using an objective function with constraints on both binding energy errors 

(compared to experimental values) and rmsd of an ensemble of structures (including 

homology models) from the native crystal structure might improve the prediction accuracy. 
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Recent work has expanded the horizon of structural biological simulations to cellular-level 

interactomes,31–35 indicating the need for docking algorithms to adapt and face the current 

challenges. My recent additions to RosettaDock are a small step expanding the capabilities 

beyond idealized protein-protein docking; however a giant leap is required to move toward 

the ultimate goal of biocomputational algorithms: a live, whole-cell biomolecular 

interaction simulation.  
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Table 4.2 RosettaDock performance in CAPRI rounds 20-27. Target, the docking partners; Special, non-conventional additional 
challenges for each target; Methods, the protocol used to solve the target; Search scale, the level of sampling for both the docking 
partners; Type, the docking partner models used–homology models (H), unbound structure (U) or bound structure (B); Prediction 
rating, the CAPRI rating of the best predicted model; the interface RMSD (Irmsd), ligand RMSD (Lrmsd) and fraction of recovered native 
contacts (fnat) of the best predicted model are also shown; Scoring rating, the CAPRI rating of the best model in the scoring rounds.  

Target 
No. Target Special Method Search 

scale Type Prediction 
rating 

Metrics of the best model Scoring 
rating Irmsd Lrmsd fnat 

T46 Mtq2 – Trm112  EnsembleDock Global H-H - 5.95 20.53 0.03 - 

T47 E2 – Im2 Interface  
water 

EnsembleDock/  
RosettaLigand Local H-U ***/++ 0.65 1.34 0.82 *** 

T48 T4moC –  
[ Hydroxylase + T4moD ]  EnsembleDock Global U-U - 5.73 15.05 0 - 

T49 T4moC – Hydroxylase  EnsembleDock Global U-U - 5.01 14.8 0 * 

T50 HB36.3 – Hemagglutinin  RosettaDock Global  
HB36.3 H-B - 8.03 16.99 0.04 ** 

T51 Xylanase domains Multi-domain RosettaDock Global H-U - 
12.66 
11.82 
17.48 

34.94 
24.74 
44.03 

0.09 
0.13 
0.07 

* 

T53 Rep4 – Rep2  EnsembleDock Global H-U * 3.34 7.02 0.15 ** 

T54 Rep16 – Neocarzinostatin  EnsembleDock Global H-U - 12 37.79 0.06 - 

T57 BT4661 – Heparin Sugar SugarDock Global/  
Patches H-U * 2.69 6.5 0.71 na 

T58 Lysozyme –PliG inhibitor SAXS pH-dock/  
EnsembleDock Local U-U ** 1.94 7.85 0.44 na 
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Chapter 5 

Cross-docking to identify 

antibody–antigen interaction partners 

5.1 Summary 

Antibody–antigen interactions are fundamental to our immune response, and 

understanding the biophysical forces constituting their binding specificity and affinity is 

critical for identifying potential antibodies targeting an antigen from antibody sequence 

repertoires, and for rational engineering of antibody-based therapeutics. In this chapter, I 

present a computational cross-docking study to identify native antibody–antigen 

interaction pairs among cognate and non-cognate complexes. I use a dataset of 17 

antibody–antigen complexes with both bound and unbound structures available and 

generate a dataset of cognate and non-cognate models. Using interface score as a classifier, 

the cognate pair is the top-ranked model in more than 80% of the antigen targets (14/17) 

when using bound complexes. However, the accuracy drops when using unbound (6/17), 

and homology complexes (2/17), possibly due to the decrease in the number of predicted 

interface hydrogen bonds. Increasing the generated model diversity using RosettaDock’s 

local dock routine lowers the discrimination accuracy further with cognate pair ranking at 

the top in only nine, four, and four targets in bound, unbound, and homology complexes, 

respectively. Use of flexible backbone docking algorithms, and development of a Rosetta-

based score function for binding discrimination can improve prediction accuracy. The 

insights from the study have the potential to improve antibody–antigen affinity predictions; 

and the methods will be generally applicable to structure prediction and docking. 
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5.2 Introduction    

Antibody–antigen interactions are critical components of our immune response to 

pathogens,199 and understanding the structural basis of antibody–antigen interactions can 

help in designing more potent therapeutics. Recent experimental advances have enabled 

high-throughput sequencing studies of the complete antibody heavy chain repertoire in 

zebrafish,200 and inference of antibody heavy–light chain pairings based on repertoire 

sequence frequencies in protein-immunized mice.201 Since antibody repertoire sizes for an 

individual range from 103 for zebrafish to 1010 for humans,202,203 computational binding 

affinity approaches are the only practical structure-based high-throughput method to 

understand antibody binding specificity, and they can be further used to screen the 

repertoire for antibody sequences targeting an antigen. In this chapter, I present a 

computational cross-docking study to discriminate binders from non-binders by identifying 

native antibody–antigen interaction pairs among cognate and non-cognate complexes, and 

demonstrate the utility of developing energy functions catered toward binding predictions. 

Efficacy of cross-docking studies strongly relies on the accuracy of binding energy 

calculations. Recently, a collaborative team of researchers collected experimental binding 

affinity measurements for 144 of the protein–protein binding pairs in the Docking 

Benchmark.204 One team tested the affinity prediction ability of nine of the standard score 

functions used in the leading docking algorithms.134 All score functions correlated poorly 

with the experimental results. Some score functions were able to broadly classify weak, 

medium and strong binders, but the standard deviations of the predicted binding energies 

were much wider than the difference between categories. The ability to distinguish binding 

from non-binding interfaces was also tested in Critical Assessment of PRediction of 
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Interactions (CAPRI) through a challenge to pick the successful interface from a set of 

designed interfaces and a challenge to find differences between a set of natural interfaces 

and a set of unsuccessful Rosetta-designed interfaces.47 Both of these challenges were 

difficult, and no group was able to identify the successful design. Hence, given the 

biological and therapeutic importance of antibodies, calculation of binding affinities can 

help us gain insight that will allow identification of potential antibody sequences targeting 

an antigen from antibody sequence repertoires, and design of better drugs with improved 

binding properties. Since estimation of absolute binding free energies is extremely 

challenging due to the inaccuracies in the computational free energy calculations, cross-

docking studies aimed at prediction of the correct antibody–antigen interaction partners 

provide a simpler alternative. Previous cross-docking studies110,205 on a dataset of diverse 

protein–protein complexes have found the prediction of antibody–antigen interaction pairs 

to be especially difficult.  

The free energy of binding, Δ𝐺𝐺 = 𝑘𝑘𝑇𝑇 ln𝐾𝐾𝑑𝑑, can be calculated from the standard state free 

energies of the bound and unbound components, Δ𝐺𝐺 = 𝐺𝐺bound − 𝐺𝐺unbound. Classifying 

binding and non-binding partners is thermodynamically equivalent to identifying a 

sufficiently negative binding energy to indicate biologically relevant levels of association. 

Standard methods for calculating binding free energies using molecular dynamics include 

free energy perturbation, molecular mechanics/Poisson–Boltzmann and surface area based 

protocols, the linear interaction energy method, and approaches that employ potential of 

mean force techniques.206–210 These approaches are extremely time consuming, often 

requiring hours to months to calculate free energy for a protein binding a small molecule 

(~10-100 atoms), and are thus impractical for use on a large number of protein–protein 
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systems. The Rosetta all-atom score function provides an alternative that includes the 

enthalpy and solvent entropy and is much more computationally efficient. However, the 

RosettaDock score function has been designed to differentiate native-like structures from 

incorrect structures of the same sequence.26 Thus it has not been calibrated to identify 

binders and non-binders of different proteins or to give an absolute binding energy. So 

development of a Rosetta-based binding-specific score function should be of immense 

value.    

In this chapter, I present a Rosetta-based cross-docking study to discriminate antibody–

antigen binders and non-binders using a dataset of 17 complexes with both bound and 

unbound structures available. I first use the RosettaDock score function to identify native 

complexes from a dataset of generated cognate and non-cognate complexes. I study the 

effects of antibody backbone accuracy on the binding predictions using bound and unbound 

coordinates for the antibody, and homology models generated using RosettaAntibody.211 I 

also demonstrate the effects of increasing diversity of the generated cognate and non-

cognate models. I finally present future directions focusing on use of flexible backbone 

docking algorithms,27,28 expansion of antibody–antigen model diversity, development of a 

Rosetta-based score function for binding discrimination, and absolute binding affinity 

predictions. My work on distinguishing antibody–antigen binders from non-binders is the 

first where absolute binding energies and cross-docking are used to develop a protein–

protein docking score function.  

5.3 Results 

Antibody-antigen complexes are well suited for cross-docking based affinity calculations 

because different antibodies can be superposed onto different epitopes. I assembled a test 
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set of 17 antibody–protein antigen pairs from the affinity benchmark set204 for which bound 

and unbound antibody structures are known (Table 5.1).  

Table 5.1 Antibody–antigen complexes used for the study. 

 
I superposed each antibody onto the other 16 complexes, making a total of 289 pairs to 

discriminate. The memory of the crystal structure complexes provides a tight interface, 

making the initial superposed set trivial to separate. To construct a more realistic set, it is 

necessary to refine each candidate structure to erase the memory of the crystal structure 

and optimize the energy of the non-cognate complexes. Refinement of the crystal structures 

to generate an unbiased set of starting models is critical if the method is to be applicable 

for sorting antibody repertoires with no available experimental structures for the 

complexes. I use a customized version of the fixed-backbone RosettaDock high-resolution 

No. Antibody Antigen Complex 
PDB 

Antibody 
PDB 

Antigen 
PDB 

Expt. Kd 
(nM) 

1 Fab Factor VIII domain C2 1IQD 1IQD 1D7P <0.014 
2 Fab N10 Staphylococcal nuclease 1NSN 1NSN 1KDC <0.10 
3 Fab D3H44 Tissue factor 1JPS 1JPT 1TFH 0.10 
4 FabF10.6.6 HEW lysozyme 1P2C 2Q76 3LZT 0.10 
5 Fab Birch pollen antigen  

Bet V1 
1FSK 1FSK 1BV1 0.24 

6 Fab E8 Cytochrome C 1WEJ 1QBL 1HRC 0.71 
7 Fab Flu virus hemagglutinin 2VIR 1GIG 2HMG 1.00 
8 Fab Hyhel63 HEW lysozyme 1DQJ 1DQQ 3LZT 2.80 
9 Fab Jel42 HPr 2JEL 2JEL 1POH 2.80 

10 Fab 5g9 Tissue factor 1AHW 1FGN 1TFH 3.40 
11 Fab VEGF 1BJ1 1BJ1 2VPF 3.40 
12 Fv D1.3 HEW lysozyme 1VFB 1VFA 8LYZ 3.70 
13 Fab Flu virus  

neuraminidase N9 
1NCA 1NCA 7NN9 8.30 

14 Fv Hulys11 HEW lysozyme 1BVK 1BVL 3LZT 14 
15 Fab 13B5 HIV-1 capsid protein p24 1E6J 1E6O 1A43 29 
16 Fab44.1 HEW lysozyme 1MLC 1MLB 3LZT 91 
17 Fab Flu virus hemagglutinin 

T131I mutant 
2VIS 1GIG 2VIU 4000 
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stage (“local refine”) to generate an ensemble of 50 cognate and non-cognate refined 

models for each antibody–antigen pair (see Methods for details).  

 
Figure 5.1 Generation of cognate and non-cognate antibody–antigen complexes. The 
starting structures for cognate models (blue) are generated based on the crystal complex, 
while the non-cognate models are generated after superimposing the VL-VH framework 
of the non-cognate antibody (red) on the cognate antibody in the crystal complex. A 
customized version of RosettaDock’s high-resolution stage is then used to generate an 
ensemble of models for discrimination. 

As shown in Figure 1, the cognate models are refined starting from the crystal complex, 

while the non-cognate models are refined after superimposing the VL-VH framework of the 

non-cognate antibody on the cognate antibody in the crystal complex. To test the effects of 

antibody backbone accuracy on the binding predictions, I generated cognate and non-

cognate models using bound–bound (henceforth referred to as simply “bound”), unbound–

unbound (“unbound”), and homology-unbound (“homology”) backbones, respectively, for 

the antibody–antigen complexes.  
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5.3.1 Sample binding analyses: Fab E8 and Fab 13B5 complexes 

The main metrics of interest are the rank of the cognate complex relative to the non-cognate 

complexes and the magnitude of the predicted binding scores. I used the docking interface 

score to rank the complexes. The interface score (Isc = 𝐸𝐸bound − 𝐸𝐸unbound), is a linear 

combination of the contributions of several score terms including a Lennard–Jones 

potential, an implicit solvation potential,22 an orientation-dependent hydrogen bonding 

potential,23 a Coulomb electrostatic potential with a distance-dependent dielectric, a side-

chain torsional potential,24 and a knowledge-based residue pair term based on the 

probability of proximity of two amino acids in the PDB.25   

 

 
Figure 5.2 Fab E8 and Fab 13B5 binding discrimination. Surface area change upon binding 
(ΔSASA) vs. Interface Score (I_SC; REU=Rosetta Energy Units) for model structures in 
antibody cross-docking tests using bound (top) and unbound (bottom) backbones. Non-
cognate structures (grey/black) can be compared to cognate antibody–antigen structures 
(red/pink); the saturated colors (black/red) indicate the lowest-scoring decoy for each 
antibody–antigen pair. 
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Figure 5.2 compares the docking interface scores for Fab E8 (1WEJ), Fab 13B5 (1E6J) 

cognate complexes (pink; lowest energy structure in red) and non-cognate complexes 

(grey; lowest energy structure for each non-cognate antibody in black) generated starting 

from bound (top) and unbound (bottom) coordinates as a function of interface size (ΔSASA 

in Å2). The interface score distinguishes the cognate antibody from the non-cognate 

antibodies in both cases using bound antibody structures but fails in the case of 1E6J when 

using unbound structures. In the case of 1WEJ, the energy gap between the cognate and 

non-cognate antibody is small, even though the non-cognate complexes likely bind weakly 

or not at all.  The cognate complex interface scores in Figure 5.2 of -6 to -7 REU 

underestimate the true binding affinities (~10 kcal/mol). The non-cognate interface scores 

are near the same range. 

5.3.2 Antibody backbone accuracy is critical for binding partner identification  

I used the docking interface scores (Isc) to rank the cognate and non-cognate models for 

each antibody–antigen pair in the dataset. Figure 5.3 shows the interface scores of the top-

scoring model for the generated cognate and non-cognate models for each antigen. The 

binder discrimination results are encouraging in the case of bound complexes (Figure 5.3a). 

Based on the interface scores, the cognate antibody–antigen pair is the top-scoring model 

in 14/17 target antigens, and is one of the top three scoring models in 16/17 targets. 

However, the binding discrimination accuracy drops in unbound complexes, with the 

cognate pairs ranked at the top in only six targets, and in the top three in ten targets (Figure 

5.3b). The accuracy further declines when using homology complexes, and the cognate 

pairs are at the top in two targets, and in the top three in just eight of the 17 target antigens 

(Figure 5.3c). 
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Figure 5.3 Ranks of cognate complexes among local refine antibody–antigen models. 
The top interface scores (Isc) of the cognate (turquoise) and non-cognate (grey) locally 
refined models for (a) bound, (b) unbound, and (c) homology antibody–antigen 
complexes. Each row represents a single antigen (represented by PDB ID of the bound 
complex), and the antigens are sorted based on decreasing experimental binding affinities 
for their native cognate complexes (top to bottom). The top left corner shows the number 
of antigens where the complex with the corresponding cognate antibody is ranked in the 
top 1, 3, and 5 among the top-scoring cognate and non-cognate models generated for the 
antigen. 
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Figure 5.4 Distributions of cognate and non-cognate interface hydrogen bonds. Kernel 
density estimate curves for the number of interface hydrogen bonds for the native 
complexes (black), and the top-scoring cognate (turquoise) and non-cognate (grey) 
models generated using local refine routine for (a) bound, (b) unbound, and (c) homology 
antibody–antigen complexes. The average number of interface hydrogen bonds in the 
top-scoring cognate models drop because of the antibody backbone inaccuracies when 
moving from a bound to an unbound complex, and finally to a homology complex. The 
average number of interface hydrogen bonds in the top-scoring non-cognate models 
roughly remain the same.  
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To further test the interface quality of the top-scoring cognate and non-cognate models, I 

calculated the number of antibody–antigen interface hydrogen bonds. On average, the 

native crystal complexes contain 7.4 interface hydrogen bonds. Encouragingly, the top-

scoring cognate models contain a similar 6.9 interface hydrogen bonds on average when 

using bound complexes (Figure 5.4a). However, the average number of interface hydrogen 

bonds drop to 3.1 when using unbound coordinates for the antibodies (Figure 5.4b), and 

further to 2.7 when using homology models (Figure 5.4c). The average number of interface 

hydrogen bonds in top-scoring non-cognate models remain about the same across bound 

(1.8), unbound (1.7), and homology (2.2) complexes. The drop in the number of interface 

hydrogen bonds is one of the possible reasons for dip in the accuracy in binding 

discrimination and shows the importance of availability of accurate backbone coordinates.  

5.3.3 Expanding antibody–antigen model diversity reduces binding 

discrimination accuracy 

The cognate and non-cognate models generated by the local refine routines are typically 

under 5 Å Cα Irmsd from the native antibody–antigen complex (except in non-cognate 

models where there are large antibody–antigen steric clashes after superposition of the non-

cognate antibody on the cognate antibody). Thus most of the generated model diversity is 

clustered around the epitope of the antigen. To test the effects of increasing model diversity 

on binding discrimination, I used the standard RosettaDock local dock routine to generate 

1000 models starting from a random structure picked from the generated local refine 

ensemble. In local dock, the starting structures are perturbed by up to 3 Å translation and 

8° rotation around the axis joining the centers of the two partners, thereby generating 

models that often in the docking search are up to 20 Å Cα Irmsd from the starting complex.  
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Figure 5.5 Ranks of cognate complexes among local dock antibody–antigen models. The 
top interface scores (Isc) of the cognate (turquoise) and non-cognate (grey) local dock 
models for (a) bound, (b) unbound, and (c) homology antibody–antigen complexes. Each 
row represents a single antigen (represented by PDB ID of the bound complex), and the 
antigens are sorted based on decreasing experimental binding affinities for their native 
cognate complexes (top to bottom). The top left corner shows the number of antigens 
where the complex with the corresponding cognate antibody is ranked in the top 1, 3, 
and 5 among the top-scoring cognate and non-cognate models generated for the antigen. 
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I compared the interface scores of the top-scoring cognate and non-cognate models for 

each antigen (Figure 5.5). The increase in the generated model diversity strongly influences 

the binding discrimination, and the accuracy drops compared to the local refine models. 

Based on the interface scores, the cognate antibody–antigen pair is the top-scoring model 

in nine of the 17 target antigens, and is one of the top three scoring models in 13/17 targets 

when using bound complexes (Figure 5.5a). As expected, the binding discrimination 

accuracy again drops in unbound and homology complexes, with the cognate pairs ranked 

at the top in only four targets, and in the top three in six targets in both the cases (Figure 

5.5b-c). 

I also calculated the Receiver Operating Characteristic (ROC) curves using the interface 

score of the top-scoring model as the classifier in bound, unbound, and homology 

complexes for both local refine and local dock routines (Figure 5.6). I considered the native 

cognate antibody–antigen interaction pairs as the true positives. In ROC curves, the area 

under the curve (AUC) values represent the binding discrimination performance of the 

interface score as a binary binder vs. non-binder classifier. For models generated using the 

local refine routine, the AUC for the bound complexes is 0.97, signifying highly accurate 

discrimination, followed by 0.78 and 0.73 for unbound and homology complexes, 

respectively (AUC 0.5 = random; 1 = perfect discrimination)(Figure 5.6a). As expected, 

the AUC values drop with the increase in the generated model diversity in local dock 

compared to the local refine routine. When using local dock routine, the AUC values for 

bound, unbound, and homology complexes are 0.87, 0.65, and 0.59, respectively (Figure 

5.6b).  
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Figure 5.6 Receiver Operating Characteristic (ROC) curves for binder discrimination. ROC 
curves using the interface score (Isc) of the top-scoring model as the classifier for (a) local 
refine, and (b) local dock routines. The native cognate antibody–antigen interaction pairs 
are considered to be true positives. The bottom right corner of the plot shows the area 
under the curve (AUC) for bound (blue), unbound (red), and homology (green) complexes. 
AUC values represent the binding discrimination performance of the interface score as a 
binary binder vs. non-binder classifier. The AUC values drop with the increase in the 
generated model diversity in local dock compared to the local refine routine.  

In summary, the binding discrimination drops with a decrease in antibody backbone 

accuracy or an increase in the generated model diversity. Hence, accurate modeling of the 

bound structures starting from the unbound structures or homology models is critical for 

improving accuracy.  Flexible backbone algorithms27,28 based on the conformer selection 

(CS) binding models can thus be of immense value. As shown in my previous study,43 the 

additional flexibility can also improve the formation of interface hydrogen bonds and 

improve the interfaces of the models generated using unbound and homology complexes. 

Furthermore, availability of experimental biochemical information on the antigen epitope 

can help constrain the docking conformational search space and alleviate the drop in the 

accuracy with increasing model diversity. 
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5.4 Discussion 

I present a cross-docking study to explore Rosetta’s capability to discriminate protein 

binders from non-binders by identifying native antibody–antigen interaction pairs among 

cognate and non-cognate complexes. After generating a dataset of cognate and non-cognate 

complexes, I use interface scores of the top-scoring models to rank the complexes. The 

binding discrimination results are encouraging when using bound complexes, and the 

cognate pair is the top-ranked model in more than 80% of the antigen targets (14/17). 

However, the accuracy drops when using unbound, and homology complexes, possibly due 

to the decrease in the number of the interface hydrogen bonds. Increase in the generated 

model diversity using the conventional RosettaDock local dock routine further lowers the 

discrimination accuracy.  

As backbone accuracy is critical for binding discrimination, EnsembleDock and SnugDock 

flexible docking approaches with interface constraints can be used to generate an unbiased 

set of cognate and non-cognate structures. These approaches could create better docked 

structures with more interface hydrogen bonds, maintain interface size, and serve to 

address the lower number of hydrogen bonds generated in unbound or homology partner 

structures I generated in the study on cognate complexes.  

The RosettaDock interface score used for the study was calibrated to differentiate near-

native models from non-native models. Hence, recalibrating it to identify binders and non-

binders or to give an absolute binding energy can improve binding discrimination.  For 

binding predictions, different scoring functions can be evaluated by the error in rankings 

and the free energy gap between cognate and non-cognate complexes. To determine new 

weights, generalized linear model212 can be used to maximize the energy gap between 
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cognate and non-cognate complexes, testing combinations of bound, unbound, interface, 

and binding energies.   

Δ𝐸𝐸 = 𝐸𝐸cog −  1
𝑛𝑛−1

∑ 𝐸𝐸𝑖𝑖,noncog𝑖𝑖 . 

When adding or substituting score terms, the coefficients and p-values can be compared 

signifying the contribution of each scoring term. Additionally, visually assessing the 

structures of incorrectly ranked cognate and non-cognate complexes and comparing term-

by-term scores can identify artifacts and create a feedback loop for improving the score 

function. 

A variety of score functions can be tested to improve both binding/non-binding 

discrimination and affinity predictions. Simple variations to test include various standard 

Rosetta weight sets, such as folding weights,213 docking weights,78 corrected weights,79 and 

my weights and corrections for pH-based calculations.42,43 Combinations of the interface 

and the total energies that have been found effective for flexible docking214,215 can also be 

explored. Additionally, adding or substituting new energy terms in Rosetta including long-

range Poisson-Boltzmann electrostatics,216 reformulated hydrogen bonding,213 and explicit 

first-shell hydration energies.104,217  Bates’ affinity prediction study observed strong 

discriminatory power in the energetic differences between bound and unbound 

conformations;218 these energies can be estimated using Rosetta flexible backbone docking 

approaches to create simulated bound and unbound ensembles of structures.   

Finally, the study can be expanded to absolute binding affinity predictions. The bound and 

unbound structures in the binding affinity benchmark set204 can be used to solve for the 

weights of terms in the score function, 𝑤𝑤𝑖𝑖, that optimally correlate the computed binding 
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score of the lowest-energy near-native decoy structure (𝐸𝐸𝑖𝑖,pred) to the measured binding 

energy as tabulated in the affinity benchmark set (𝐸𝐸𝑖𝑖,expt) by minimizing ∑ �𝐸𝐸𝑖𝑖,pred −𝑖𝑖

𝐸𝐸𝑖𝑖,expt�
2
 while simultaneously maximizing the difference in score between near-native and 

non-native decoy structures. Varying combinations of energy terms described earlier can 

be tested, with additional terms for translational, vibrational and rotational entropy.219,220 

The weights can be fit using 2/3 of the targets in the binding affinity benchmark set, and 

use the remaining 1/3 of targets for independent evaluation. 

The approaches from the cross-docking study can be used for identification of potential 

antibodies targeting an antigen from antibody sequence repertoires, and rational design of 

better therapeutic antibodies with increased specificity. In addition, they can also offer 

valuable insight about the biological process of creating a repertoire, how autoantibodies 

are filtered, and how antibodies are selected for recognizing pathogens.  Such information 

will be useful in fighting immunological diseases and designing vaccines. With the rapid 

rise in the scale of the computational resources, the ability to discriminate binders from 

non-binders can also be eventually exploited to screen large antibody sequence databases 

for potential binders targeting an epitope. This study is thus a vital cog in increasing the 

efficacy of the computational antibody engineering pipeline. 
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5.5 Methods 

5.5.1 Homology modeling 

The latest version of Rosetta’s antibody homology modeling protocol, RosettaAntibody 

3.0221 is used for modeling the antibodies in the dataset. VL,VH homologs with more than 

80% sequence identity, and CDR homologs with more than 98% sequence identity are 

excluded from the database during the template selection stage.  

5.5.2 Starting structure generation 

For bound complexes, the crystal structure of the antibody–antigen complex is used as the 

starting structure. For unbound complexes, the starting structure is generated by 

superimposing the antibody and antigen unbound structures on the bound crystal complex, 

and for homology complexes, the antibody homology model and antigen unbound structure 

on the bound crystal complex.  

5.5.3 Local refine routine 

The local refine routine is based on RosettaDock’s high-resolution refinement stage. Since 

superposing the VL-VH framework of the non-cognate antibody on the cognate antibody to 

generate the starting non-cognate structure often results in steric clashes with the antigen, 

the standard refinement routine moves the antibody away from the epitope to lower the 

total score of the complex. To generate models focused around the epitope, I created a 

customized local refine antibody–antigen refinement routine. The routine starts with a 

score function with high Van der Waals attractive and low Van der Waals repulsive weights 

to ignore starting steric clashes. The weights on the Van der Waals attractive and repulsive 
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terms are gradually ramped down and up respectively, to sample conformations that are 

inaccessible due to the high-energy barriers. 

5.5.4 Local dock routine 

I used the standard RosettaDock local docking routine78 consisting of a sequence of low-

resolution and high-resolution steps to generate local dock models. 
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5.5.5 Rosetta command line 

The algorithms in the chapter are implemented using the Rosetta molecular modeling suite. 

The Rosetta command-line arguments used for the calculations are as follows: 

Cognate and non-cognate model generation 

(d) Local refine 

ab_binding.<exe> 
–s 1BVK.1AHW.pdb                                                 
–docking:partners LH_C                                                    
–docking:docking_local_refine                                            
–pH:pre_process  
–pH:cognate_pdb 1AHW.b.pdb  
–pH:cognate_partners LH_C 
–ex1 –ex2aro –use_input_sc                                       
–nstruct 50 

where 1BVK.1AHW.pdb is the structure generated after superposing the non-cognate 

antibody from 1BVK.pdb on the cognate antibody in 1AHW.pdb. The –

docking:partners and –pH:cognate_partners arguments identify the receptor 

and ligand chains in non-cognate and cognate complexes, respectively.–

pH:cognate_pdb provides the cognate bound complex. 

(e) Local dock 

docking_protocol.<exe> 
–s 1BVK.1AHW.pdb –native 1BVK.1AHW.pdb  

      –dock_pert 3 8 –spin                                             
–partners LH_C                                                     
–ex1 –ex2aro  

      –nstruct 1000 
 

Homology modeling 

(e) RosettaAntibody homology modeling 

antibody_H3.<exe> 
–s 1AHW_h.pdb                                                           
–antibody:remodel perturb_kic                                          
–antibody:snugfit true                                                 
–antibody:refine refine_kic                                            
–antibody:cter_insert false                                            
–antibody:flank_residue_min true                                       
–antibody:bad_nter false                                               
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–antibody:h3_filter false                                              
–antibody:h3_filter_tolerance 5                                         
–antibody:constrain_cter                                                
–antibody:constrain_vlvh_qq                                            
–constraints:cst_file 1AHW_cter_constraint                                                                                           
–loops:legacy_kic false                                                 
–loops:kic_min_after_repack true                                        
–loops:kic_omega_sampling                                               
–loops:allow_omega_move true                                           
–kic_bump_overlap_factor 0.36                                           
–loops:ramp_fa_rep –loops:ramp_rama                                     
–loops:outer_cycles 5                                               
–corrections:score:use_bicubic_interpolation false                
–ex1 –ex2aro –extrachi_cutoff 0 
–nstruct 2000  

140 
 



Chapter 6 

Conclusion 

Protein–protein interactions are important for cellular function. Structural studies of 

protein complexes can offer functional insights and guide rational engineering efforts to 

identify potential therapeutic targets or modify binding affinities and specificities. Since 

experimental techniques used for structural studies of protein complexes are laborious and 

not always feasible, computational protein complex prediction algorithms can be employed 

for scientific insight. With the scope of structural biological simulations expanding rapidly, 

there is a need for the protein complex prediction algorithms to adapt to the increasing 

diversity. In this thesis, I have developed tools to expand their capacity beyond idealized 

protein–protein complex predictions. 

6.1 My contributions 

My graduate research broadly focused on development and refinement of computational 

algorithms to improve molecular modeling of protein interactions. My earlier CAPRI 

efforts identified both sampling and scoring deficiencies in the docking algorithms, and 

ignoring the critical pH effects was considered to be one of the major factors limiting 

prediction accuracy. Since Rosetta did not have the capability to account for pH effects, I 

first developed a pKa calculation algorithm (Rosetta-pH), to calibrate the Rosetta’s energy 

function’s dependence on environmental pH. Rosetta-pH is fast and is comparable in 

accuracy to the latest versions of other widely used pKa calculation algorithms.  

I used the knowledge of side-chain protonation states by combining Rosetta-pH with 

RosettaDock to create pHDock, the first protein–protein docking algorithm that can 
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dynamically sample protonation states on-the-fly during a docking simulation. pHDock is 

more accurate than RosettaDock, and it generates higher quality docking models that 

recover more interface residue–residue contacts and hydrogen bonds found in the original 

crystal complex. Although, pHDock is designed to improve docking predictions, it also 

captures a large pH-dependent binding affinity change in a model protein complex, 

suggesting that it can be exploited to improve affinity predictions.  

Moving beyond improvements in protein–protein docking, I have also developed methods 

to address a set of related modeling challenges as part of the CAPRI efforts. Specifically, 

I worked to develop methods to (i) predict the positions of interface water molecules after 

predicting the structure of the protein–protein complex, (ii) perform flexible sugar–protein 

docking inspired by the peptide–protein docking algorithm (FlexPepDock179), (iii) use 

SAXS data to rank docking models, (iv) discriminate natural and designed interfaces based 

on their binding affinities, and (v) predict the influence of mutations in de novo designed 

proteins on binding affinities.  

The limited success in the affinity predictions led me to focus on a structure-based 

algorithm to discriminate binders from non-binders from a dataset of cognate and non-

cognate antibody–antigen complexes. The results are encouraging when using bound 

backbones, but prediction accuracy declines when using unbound backbones, and is even 

further reduced when using homology models for the antibodies. The number of interface 

hydrogen bonds in the top-ranked cognate models also drop when moving from a bound to 

unbound backbone, and finally to a homology model, indicating the need to accurately 

model the bound antibody backbone conformation. 
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Besides the direct increase in the protein–protein docking accuracy due to incorporation of 

pH effects, the approaches can be generalized and used for rational design of pH-dependent 

protein inhibitors or industrial enzymes that are active over a wide range of pH values. The 

diversity of biomolecular problems requires computational algorithms to be versatile; my 

contributions expand their capabilities to encompass more biologically realistic docking 

problems. 

6.2 Future directions 

pKa calculations can identify the strengths and deficiencies of the energy function, 

particularly with regard to the electrostatic components,51 and the availability of a large 

number of experimentally determined pKa values aids method development.52 However, 

pKa calculations remain challenging, and most algorithms including Rosetta-pH perform 

only marginally better than the “null-model”, which assumes no pKa shifts and all residue 

pKa values in protein to be equal to the intrinsic pKa values in solution. This is especially 

apparent in the large pKa shifts in the engineered Staphylococcal nuclease mutants which 

were also previously found to be difficult to model computationally in pKa cooperative,80 

a community-wide pKa prediction challenge. Experimental studies revealed diverse 

phenomena affect the pKa values including a network of internal water molecules,99 local 

conformational transition,100 and SNase global stability.94 Ultimately, the algorithms need 

to focus on modeling such biophysical phenomena, although new and improved 

electrostatic treatments including long-range effects can also further aid pKa calculation 

accuracy. However, the algorithms also need to be computationally efficient to be useful 

in downstream molecular modeling applications such as design and docking, which often 

require generation of thousands of models. 
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Despite the deficiencies, pKa calculations by Rosetta-pH are within a root-mean-square 

deviation (RMSD) of 0.83 pH units from the experimental pKa values (except in the case 

of SNase with very large pKa shifts). Hence, unless the solution pH is very close to the 

shifted pKa values of the ionizable residues, Rosetta-pH can reasonably estimate the 

relevant protonation state during docking. I used this as the basic foundational principle for 

pHDock. The same approaches can be expanded to improve other molecular modeling 

applications like protein folding and design.  

pHDock improves docking primarily by enhancing the scoring in the high-resolution 

docking stage, as the improved score function finely tuned for pKa calculations is active 

only during the high-resolution stage involving dynamic protonation states. On average, 

pHDock does not generate models closer to the native complex compared to RosettaDock. 

This result is not surprising as the docking low-resolution stage is largely responsible for 

model diversity, and pHDock retains the low-resolution stage from RosettaDock. There 

have been recent efforts to overcome the kinetic barriers and improve sampling in the low-

resolution stage,138 but there is scope for both scoring and sampling improvements, such 

as using an explicit score term that rewards shape complementarity, or using side-chain 

centroid rotamers. 

pHDock shows encouraging improvements in recovering native interface residue–residue 

contacts observed in the crystal complex, but the interface hydrogen bond recovery 

performance is mixed. Accounting for backbone flexibility using a conformational 

ensemble demonstrates small improvements in hydrogen bond recovery. Algorithms 

capable of generating and identifying conformations closer to the bound coordinates from 

the unbound coordinates could potentially aid hydrogen bond recovery. Further studies can 
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also focus on developing energy functions capable of recovering interface hydrogen bonds 

using the bound coordinates of the complex to minimize the errors introduced due to the 

rigid backbone assumption as well as the inaccuracies in the receptor–ligand orientation in 

the docking models.  

Although the recent Rosetta-based methods developed to address CAPRI targets beyond 

protein–protein complex predictions were successful in their efforts, there is tremendous 

opportunity for further improvements in the prototype methods. For example the flexible 

sugar–protein docking algorithm was calibrated for a single target case. Rigorous 

benchmarking and generalizing the tool to accommodate the vast chemical diversity of 

oligosaccharide residues will be needed to deploy the protocol widely for the many 

important structural biology problems involving sugars. Similarly, the interface water 

prediction algorithm docks waters individually and will benefit from an extension for 

simultaneous multiple ligand docking. Ultimately, an expanded set of efficient docking 

methods targeting non-protein biomolecules can be used in conjunction with the kinetic 

modeling approaches to study and engineer large biomolecular interaction networks. 

The moderate success in the CAPRI binding affinity challenge also points to deficiencies 

in the energy function. Discrimination of natural and designed protein interfaces requires 

understanding the binding propensities of binders and non-binders. To address this 

challenge, I focused on a cross-docking study involving antibody–antigen complexes with 

an aim to identify cognate from non-cognate complexes. Understanding the basis of 

antibody–antigen specificity can offer valuable insight about the biological process of 

repertoire generation, how autoantibodies are filtered, and how antibodies are selected for 

recognizing pathogens. An efficient computational cross-docking pipeline can thus be used 
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to filter antibody repertoires for sequences targeting a specific antigen, and eventually for 

rational design of better therapeutic antibodies with increased specificity. 

It is my hope that my contributions are a small step expanding the capabilities beyond 

idealized protein–protein docking; however, a giant leap is required to move toward the 

ultimate goal of biocomputational algorithms: a live, whole-cell biomolecular interaction 

simulation.  
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Supplementary material 
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Supplementary Figure 3.1 Docking plots for pHDock and RosettaDock. Grey, orange, red, 
and blue points represent incorrect, acceptable-, medium-, and high-quality predictions, 
respectively. Discrimination scores are shown in the bottom right corner of the plots. 
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Supplementary Figure 3.2 Docking plots for pHDock and RosettaDock highlighting 
models with nonstandard residue protonation states. Grey, orange and red points 
represent models containing no nonstandard protonation states, recovered nonstandard 
protonation states found in the bound complex, and nonstandard protonation states not 
observed in the bound complex, respectively. Discrimination scores are shown in the 
bottom right corner of the plots.   
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Supplementary Figure 3.3 Docking plots comparing ensemble pHDock to pHDock and 
RosettaDock. Grey, orange, and red points represent incorrect, acceptable-, and medium- 
quality predictions, respectively. Discrimination scores are shown in the bottom right 
corner of the plots. 

  

178 
 



 

179 
 



 

180 
 



 

  

181 
 



Supplementary Figure 3.4 Docking plots comparing RosettaDock, pHDock at 
crystallization pH, pHDock at pH 7.0 and FixpHDock. Grey, orange and red points 
represent models containing no nonstandard residue protonation states, recovered 
nonstandard residue protonation states found in the bound complex, and nonstandard 
residue protonation states not observed in the bound complex, respectively. In 
FixpHDock, the protonation states found in the starting unbound complex are held 
constant during docking. Discrimination scores are shown in the bottom right corner of 
the plots. 
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