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Abstract 

P. Douglas Renfrew: Using Noncanonical Amino Acids in Computational Protein Design 

(Under the direction of Brian Kuhlman) 

 

The structure of noncanonical amino acid (NCAA) side chains allows them to explore conformations 

inaccessible to canonical amino acids (CAAs). Peptides made of the D-enantiomers of amino acid 

backbones are resistant to proteolysis. The long term goal of this research is to adapt the current tools 

of computational protein design to create functional molecules be they proteins or not. In this thesis 

we have attempted the first steps toward this longer goal. The increased sequence and conformation 

space accessible to a protein during a design simulation when NCAAs are included, allows us to 

design tighter protein-protein interactions, with a higher degree of specificity. 

The computational protein design program Rosetta has been modified for compatibility with NCAAs. 

The use of knowledge-based potentials was the major hurdle as the potentials are based on statistics 

collected from known protein structures and few protein structures have been determined containing 

NCAAs.  

Using quantum mechanics (QM) calculations of the amino acids valine and isoleucine, with a helical 

conformation, we found an even distribution of rotamer preference. When that was used in rotamer 

recovery benchmarks, outperformed the knowledge-based potential that was biased because of long-

range interactions imposed by the α-helical secondary structure. QM, although accurate and 

compatible with NCAAs was found to be too computationally expensive.  

We created a modified energy function that can evaluate the energy of both CAAs and NCAAs, 

where the knowledge-based energy potentials have been replaced with physically-based MM 
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potentials that performs comparable to the stock energy function. We have developed methods to 

create rotamer libraries for both CAAs and NCAAs that are comparable to knowledge-based rotamer 

libraries. We have used these tools to create rotamer libraries for 88 different NCAAs that can now be 

used within Rosetta.  

The interface between calpain and the calpastatin peptide as well as the interface between HIV GP41 

and the integration inhibitor, PIE12, developed by the Kay lab, has been redesigned using NCAAs to 

increase the binding affinity between the two pairs. The research has take protein design in a new 

direction and has enabled the development of novel protein interactions, and protein-like therapeutics.
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Introduction 

All computational protein design programs attempt to solve what has been called the inverse protein 

folding problem: given some structural information (usually the protein backbone conformation) find 

the sequence with the lowest free energy for that structure [1]. There have been significant advances 

toward this goal. The earliest attempts came from simply looking at the structures of proteins and the 

commonalities between them; common targets were helical bundle proteins (reviewed by De Grado et 

al. [2] and Richardson et al. [3]). Work progressed to improve the packing of designed proteins using 

algorithms to find compatible side chain conformations with simple secondary structures [4] and 

eventually known protein backbones serving as scaffolds [5] including the first fully automated full 

sequence design of a protein by Dahiyat and Mayo [6]. There have been additional advances toward 

the de novo design of proteins with arbitrary shape and unseen topology such as the design of a novel 

α/β protein fold by Kuhlman et al. [7], the design of a 4-helix bundle by Summa et al. [8], and the 

design a β-sheet protein by Kraemer-Pecore et al. [9]. Recently protein design has progressed to the 

point where the design of enzymes is possible [10, 11]. 

The potential applications of the rational manipulation of proteins are staggering. The long term goal 

of this research is to adapt the tools of computational protein design to create functional molecules be 

they traditional proteins or not. The research conducted in this thesis takes the first step toward the 

goal of a general molecular design program that will have far reaching influence on the creation of 

therapeutics, biological tools and many other unforeseeable applications.  

In this thesis, I modify the molecular modeling program Rosetta so that it can perform protein design 

simulations with noncanonical amino acids (NCAAs).  In particular, I focus on the redesign of 

peptide-protein interactions with NCAAs incorporated into the peptide sequences. Designing peptides 
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and proteins is coupled to the extent with which we can sample conformational space [12, 13]. The 

use of NCAAs will allow us to explore an increased sequence and conformational space.  I find that 

NCAAs with novel geometries allow me to fill voids that are inaccessible to the canonical amino 

acids (CAAs), while amino acids with novel polar groups allow for new hydrogen bond patterns.  In 

addition, classes of NCAAs have properties, such as resistance to proteolysis, which could be 

advantageous in the design of effective protein-like therapeutics.  

Computational protein design programs generally contain two major parts: an energy function to 

evaluate the fitness of the sequence for the structure, and a method to sample conformational space 

[14, 15]. Previously, Rosetta was only able to manipulate the 20 CAAs. It has been modified here and 

used to increase the binding affinity in peptide-protein interfaces.  

Noncanonical Amino Acids 

An understanding of how all life on Earth came to use the 20 canonical amino acids is a long standing 

question in biology. The number of amino acids and their relative abundance has been studied and 

found to span a variety of functional groups but may not be more diverse than a random sample of the 

potentially hundreds of pre-biotic amino acids available [16].  It is clear that nature often requires 

chemistry not available in the 20 CAAs to perform its various functions, as evidenced by the 

abundance of protein modifications that take place before, during and after translation [17-19]. 

Additional amino acids are also genetically encoded in special cases,  selinocysteine [20] and 

pyrollysine[21], the 21st and 22nd amino acids, as well as the incorporation of N-formalmethionine 

(fMET). 

The work conducted in this thesis describes the incorporation and use of NCAAs in computational 

protein design (in silico).  Experimentally, there are several alternative strategies for incorporating 

NCAAs into engineered proteins.  Solid phase peptide synthesis is the most powerful approach and 

can be used to build novel backbones as well as side chains.  Solid phase synthesis is generally 
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limited to peptides below 50 amino acids, but can be combined with splicing techniques to create 

even larger chains [22].  Alternatively, methods have been developed to make recombinant proteins 

with NCAAs.  These methods make use of orthogonal tRNA-codon pairs, orthogonal aminoacyl-

tRNA synthetases, and novel codons to specify NCAAs [23, 24].  Here we focus on the redesign of 

peptides which can be readily made by solid phase synthesis with NCAAs. 

NCAAs can be used to modify the function or biophysical properties of naturally occurring proteins.  

Some interesting and well known examples include the use of selinomethionine in protein crystal 

phasing [25], the modification of enhanced cyan fluorescent protein by incorporating 4-amino-

tryptophan to change its fluorescent properties[26],  and the use of hexafluoro-leucine in the cores of 

coiled-coil proteins to drive equilibrium of a mixture of wild-type and fluorinated from heterodimers 

to homodimers  [27]. According to Wang et al. more than 110 NCAAs have been incorporated in to 

proteins using a variety of experimental methods [24].  

NCAAs have been used in computational simulations before but this is the first time that they have 

been used to this extent in computational protein design. Datta et al. redesigned the phenylalanine 

amino-acyl-tRNA synthatase to use acetylate phenylalanine analogs. The analogs were modeled as if 

they were a phenylalanine.  Ali et al. used the D-enantiomers of alanine and proline as well as L-

amino-butyric acid when trying to design a 21 residue “miniprotein” [28]. The amino-butyric acid 

was modeled as a serine. Both of these results used physically based energy functions.  

Peptide ligands often incorporate NCAAs and modelers must take this into account. These techniques 

used in these studies often involve the use of molecular mechanics force fields or the parameterization 

of torsional parameters based on small molecule structures [29, 30]. The techniques developed for 

designing these small ligands are only designed to handle small peptides. It is the use of 

computational protein design tools that make this work novel. The use of computational protein 

design affords us that ability to rapidly search through large regions of sequence space on large 
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molecules which is different than the single species that is typically used in molecular dynamics 

simulations.  

Rosetta Modeling Suite 

Rosetta is a suite of programs that share common search functions, energy functions and other 

algorithms. The Rosetta suite is maintained by approximately 100 developers at 15 universities, 2 

corporations and 1 national lab. Parts of the Rosetta suite are used in commercial operations as well 

as hundreds of academic institutions around the world. We benefit from the continuing development 

efforts of this community and the work conducted here will benefit all users. The most recent version 

of Rosetta, with which this work was primarily conducted, consists of several libraries. The lower 

level libraries have routines for evaluating the energy of proteins and manipulating protein backbones 

and side chains. The higher level libraries use the low level functionality to create complex 

algorithms and protocols. A suite of applications have been built using these libraries that can 

perform many protein modeling applications from which Rosetta has been able to achieve its diverse 

success. 

Rosetta Applications 

The Rosetta suite, is perhaps best known for its ability to predict protein structures from only their 

sequences [12] and its success in the Critical Assessment of Techniques for Protein Structure 

Prediction (CASP, blind protein structure prediction) competition [31]. The structure prediction 

techniques have recently been extended to membrane proteins with helical trans-membrane domains 

[32]. The Rosetta structure prediction algorithms have even been applied to the entire Pfam-A 

database [33]. We incorporate some of the techniques developed for use in structure prediction to 

design protein-peptide interfaces (chapters 3 and 4). 

Predicting how two proteins will bind each other is another area of research that has received 

significant attention [34, 35] because it impacts many other aspects of protein modeling. Rosetta has 
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been successful in the Critical Assessment of Predicted Interactions (CAPRI, blind protein-protein 

docking prediction) competition [36]. We incorporate some of the techniques developed for use in 

protein-protein docking during the protein-peptide interface designs (chapters 3 and 4). 

Rosetta also has tools to manipulate and dock small molecules [37], model protein loops [38, 39], aid 

the solution of NMR [40] and electron cryomicroscopy structures[41], develop novel protein structure 

validation tools [42], and very recently has been able to design enzymes that carry out the retro-aldol 

[43] and Kemp-elimination [11] reactions. Additionally Rosetta is the backend behind the 

RosettaDesign protein design server [44], the RosettaDoc protein-protein docking server [45], the 

Robetta structure prediction server [46], the Rosetta@Home distributed computing project 

(http://boinc.bakerlab.org/rosetta), and a popular protein folding game called FoldIt (http://fold.it). 

The focus of this thesis is on the protein design and protein interface design tools of Rosetta. The 

protein design aspects of Rosetta, specifically, has achieved success in redesigning the folding  

pathway of the protein G variants NuG1 and NuG2 [47, 48], redesigning a loop in protein L [49], the 

design of a globular protein (TOP7) with a novel fold [7], used to create a tool to study the ubiquitin 

pathway [50],  to design a single amino acid sequence that can switch between a coiled-coil and a 

zinc finger [51], used as a tool to find mutations that can increase binding affinity [52], and redesign 

the loop of an all beta protein [53]. 

Rotamer Libraries in Computational Protein Design 

The theoretical number of conformations a protein sequence can have is on the same scale as the 

number of atoms in the universe.  In the majority of cases folded proteins are at the lowest free energy 

conformation possible.  A close examination however reveals that not all individual components are 

at the lowest free energy conformation and we see a distribution of values for features like the side 

chain torsional angles.  Since the first protein structures became available it has been seen that these 
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distributions are not continuous but discrete, with protein side chains being observed in a variety of 

local free energy minima know as rotamers (short for rotational isomers)[54]. 

Protein modelers take advantage of these discontinuities to sample the most probable side chain 

conformations when trying to find the set of side chain conformation with the lowest free energy for a 

given backbone fold, which dramatically reduces the conformational space that must be searched. 

Two approaches are generally taken: conformer libraries or rotamer libraries. Conformer libraries are 

lists of amino acid side chain atomic coordinates that have been taken from high resolution protein 

structures[15]. These coordinates are oriented on protein backbone conformations during a design 

simulation. Rotamer libraries are lists of common side chain χ angle values. Χ angles are the side 

chain torsional dihedral angles.  

In Rosetta, the coordinates for the side chain at a position are built using the χ angles supplied by the 

rotamer library, assuming that the side chain will have ideal bond lengths, bond angles, and non- χ 

dihedral angles. The size and quality of rotamer libraries has increased as more and higher quality 

data is deposited in the protein data bank [54]. Rotamer libraries have been used extensively and 

achieved a great deal of success. There is some evidence however to suggest that conformer libraries 

are more accurate in certain situations [55]. 

One of the fundamental assumptions of the Rosetta suite, is that a protein can be represented simply 

as its sequence and backbone dihedral angles  φ, ψ, ω, and assuming ideal bond lengths and angles 

[56], an accurate all-atom representation can be built. Sampling torsion space as opposed to Cartesian 

space reduces the degrees of freedom and mimics the way protein fold in nature. Protein 

conformations in Rosetta are sampled by changing torsional angles. Therefore, the quality of a 

predicted conformation is due in large part to the accuracy of the torsional terms of the energy 

function. The use of rotamer libraries is compatible with this assumption and Rosetta uses the 

Dunbrack rotamer library for the 20 CAAs [57].  
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In addition to decreasing the search space, the relative probabilities between rotamers can be used to 

compute a pseudo-energy (see below). The use of the log probabilities of rotamers is common in 

computational protein design and is used by Rosetta, as well as several other computational protein 

design groups [54]. There are two major problems using protein statistics in this manner. First, there 

are not sufficient protein structures containing NCAAs to generate statistics and the method is 

therefore incompatible with NCAAs. Second, it can lead to rotamer selection bias. Selection bias 

arises as a result of the sampling of protein structures and the way they are used in Rosetta. In a helix, 

for example, the conformation of the amino acid side chain is often constrained to a particular rotamer 

by the steric clashes with atoms in the neighboring helical turns.  The statistics collected for helical φ 

and ψ not only contain information about the internal energy of the conformation of the side chain but 

information that is explicitly taken into account in other terms in the energy function. The 

combination of the physical and knowledge-based potentials in Rosetta’s energy function leads to 

double counting, and bias in the selection of rotamers. 

For example if the region of a protein being designed has helical φ and ψ but is not in a helix, Rosetta 

retains the conformational preferences of the helix. Additionally, in cases where the backbone 

coordinates are not known with accuracy, such as a disordered region in a protein crystal structure, 

using the statistically most likely rotamer is the most logical choice. The problems with rotamer 

libraries are addressed in chapters 1 and 2. In chapter 1 we use quantum mechanics to compute the 

energies of amino acid dipeptides [58, 59] and use these energies in place of the probabilities of the 

knowledge-based rotamer library. In chapter 2 we develop and describe methods to create rotamer 

libraries for NCAAs. 

Rosetta Energy Function 

An important part of protein design is the ability to differentiate between sequence designs with high 

and low free energies for a given structure, which is accomplished by the energy or scoring function. 

The Rosetta suite contains two main energy functions, an all-atom energy function and an energy 
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function that represents each amino acid side chain as a single sphere called a centroid[60]. The 

centroid based energy function is primarily used in the protein structure prediction component of 

Rosetta, and was not used in this thesis, the all-atom energy function is the energy function used 

primarily in protein design (although both were required for the de novo design of TOP7)[7]. The 

stock Rosetta energy function cannot evaluate the quality of designs involving NCAAs because the 

energy function includes knowledge-based energy potentials, terms that are based statistics collected 

from known protein structures. 

The energy function used in Rosetta simulations is comprised of both physical and knowledge-based 

terms as follows: a Leonard-Jones potential [61], a Lazaridis-Karplus solvation term [62], a 

hydrogen-bonding term [63], a pair interaction term [7], side chain torsional term, amino acid 

backbone torsional preference, and a reference term that represents the energy of an amino acid in the 

unfolded state [7, 12]. 

The energy that comes from the pair term, and amino acid backbone and side chain torsional 

preference are knowledge-based potentials derived from known protein structures and are 

incompatible with NCAAs. Ideally an energy function should be able to score both CAAs and 

NCAAs. In chapter 2 we describe the development of a modified version of the Rosetta energy 

function that is compatible with both CAAs and NCAAs. Knowledge-based torsional terms are 

replaced with molecular mechanics torsional and Lennard-Jones terms, and amino acid reference 

energies are replaced with explicit calculations of amino acids in the unfolded state.  We have re-

weighted the energy function based on its ability to reproduce native sequences of CAAs. 

Lennard-Jones Interactions Energy Term 

The Lennard-Jones term is a standard 12-6 potential. The well depths are taken from the 

CHARMM19 parameter set.  
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𝐸𝐿𝐽 =   𝑒𝑖𝑗   
𝑟𝑖𝑗

𝑑𝑖𝑗
 

12

− 2 
𝑟𝑖𝑗

𝑑𝑖𝑗
 

6

 

𝑗>𝑖𝑖

 

Where i and j are atom indices, d is the inter atomic distance, e is the geometric mean of atomic well 

depths, and r is the summed van der Waals radii. After a given cutoff value, the function is evaluated 

linearly to adjust for the discrete side chain conformations. Evaluating packing of the backbone and 

side chains is crucial to successful protein design. This term is calculated on an atomic basis (as 

opposed to a residue) and is therefore compatible with both NCAAs and CAAs. 

Hydrogen bonding Energy Term 

Hydrogen bonding is important in stabilizing secondary structure and protein-protein interface 

interactions. The orientation-dependent hydrogen bonding term is calculated by looking at distances 

and angles in known protein structures. 

𝐸𝐻𝐵 =    − ln  𝑃 𝑑𝑖𝑗  hj𝑠𝑠𝑖𝑗   +− ln  𝑃 cos𝜃𝑖𝑗  𝑑𝑖𝑗 hj𝑠𝑠𝑖𝑗   +− ln  𝑃 𝑐𝑜𝑠 𝜑𝑖𝑗  𝑑𝑖𝑗 hj𝑠𝑠𝑖𝑗    

𝑗𝑖

 

Where i is the donor residue index, j is the acceptor residue index, d is the acceptor-proton inter 

atomic distance, h is the hybridization (sp2, sp3), θ is the proton-acceptor-acceptor base bond angle, 

and φ is the donor-proton-acceptor base bond angle. Although the hydrogen bonding potential is 

parameterized based on crystal structures, it is evaluated on an atomistic level and only dependent on 

the type of atom, the hybridization, and the angle of the hydrogen bond. The hydrogen bond donors 

and acceptors on the NCAAs we have added have the same or similar hybridization as those in the 

CAAs. This term is therefore compatible with NCAAs. 

Lazaridis-Karplus Solvation Energy Term 

The solvation energy of a design is evaluated based on the implicit solvation model of Lazaridis and 

Karplus [62]. 
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𝑖

 

Where i and j are atom indices, d is the inter atomic distance,  r is the summed van der Waals radii, γ 

is the correlation length, V is the atomic volume, and  ΔG
ref

 and ΔG
free

 are the energy of a fully 

solvated atom. The solvation term is atomistic and there for compatible with both types of NCAAs.  

In our model the ΔG
free

 values of several of the atoms have been modified from the original reference 

to better replicate how often a residue is seen on the surface or buried [7].  

Ramachandrin Torsional Energy Term 

The energy of the Ramachandrin torsional preferences is the log probability of seeing a residue given 

the amino acid type and secondary structure. 

𝐸𝑅𝐴𝑀𝐴 =   − ln 𝑃 𝜙𝑖 ,𝜓𝑖 𝑎𝑎𝑖 , 𝑠𝑠𝑖  

𝑖

 

Where i is the residue index, φ/ψ are the backbone torsion angles (in 36 degree bins), aa is the amino 

acid type, and ss is the secondary structure type. Secondary structure are calculated by Rosetta using 

the DSSP algorithm [64]. This is one of the knowledge-based terms in the energy function. During a 

design simulation where the backbone is allowed to move the change in the Rama energy is 

significant in deciding if those moves should be accepted or rejected. This term was derived by 

observing the frequency of φ/ψ pairs based on 3 secondary structure regions (helix, sheet, other) for 

each amino acid.  

Residue-pair Interaction Energy Term 

𝐸𝑃𝐴𝐼𝑅 =    −ln 
𝑃 𝑎𝑎𝑖 ,𝑎𝑎𝑗  𝑑𝑖𝑗 , 𝑒𝑛𝑣𝑖 , 𝑒𝑛𝑣𝑗 

𝑃 𝑎𝑎𝑖  𝑑𝑖𝑗 𝑒𝑛𝑣𝑖 𝑃 𝑎𝑎𝑗  𝑑𝑖𝑗 𝑒𝑛𝑣𝑗 
 

𝑗>𝑖𝑖
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Where i and j are the residue indices, d is the distance between residues, aa is the amino acid type, 

and env is the environment of residue based on the number of neighbors. The residue pair interaction 

term is based on the frequency of seeing two residues of a given type, a certain distance (distances are 

binned and are calculated based on the β-carbon from each other in the protein, and given a certain 

environment (buried or surface) in the protein. This term is only evaluated for polar residues. This 

term is meant to represent the electrostatic and disulfide bonds formation preferences. This term has 

been omitted when evaluating NCAAs. 

Rotamer Self-Energy Term 

𝐸𝑅𝑂𝑇 =   − ln 
𝑃 𝑟𝑜𝑡𝑖 𝜙𝑖 ,𝜓𝑖 𝑃 𝑎𝑎𝑖  𝜙𝑖 ,𝜓𝑖 

𝑃 𝑎𝑎𝑖 
 

𝑖

 

Where i is the residue index, rot is the Dunbrack backbone-dependant rotamer, aa is the amino acid 

type, and φ and ψ are the backbone torsion angles. The rotamer self energy is dependent upon the 

probability of seeing a particular amino acid with a particular rotamer given its backbone dihedral 

angles, and the frequency of an amino acid. The rotamer probabilities came from the rotamer library 

of Dunbrack and Cohen [57].  In Rosetta it is a measure of the internal energy of the of a side chain. 

This energy takes into account mainly the torsional preferences, but also the energies contributed by 

the bond lengths and angles of the side chain when it was sampled in the pdb. This term is 

knowledge-based and is not compatible with NCAAs and has been replaced with a molecular 

mechanics torsional and Lennard-Jones potential, discussed in chapter 2. 

Unfolded State Reference Energy Term 

𝐸𝑅𝐸𝐹 =   𝑛𝑎𝑎
𝑎𝑎

 

Where aa is the amino acid type, and n is the number of residues. The energies produced by 

computational protein design potentials are intended to be a measure of free energy of folding, the 

energy of the unfolded state is an important factor. For each amino acid, a empirical reference energy 
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is applied during the weighting of the energy function. This energy represents the energy of the 

residue in the unfolded protein. We have developed methods, discussed in chapter 2, to evaluate the 

unfolded energy of NCAAs. 

Rosetta Search Function 

The purpose of the search function is to explore conformational space and to direct the simulation 

toward low energy conformations. Search functions for protein design generally fall in to two 

categories: stochastic search functions such as Monte Carlo and genetic algorithms, or deterministic 

search functions such as dead end elimination or self-consistent mean field algorithms [65].  A 

compromise is made in the choice of search algorithm between speed and accuracy. For example with 

dead end elimination, if the search converges it is guaranteed to be the global energy minimum. A 

Monte Carlo search algorithm does not necessarily find the global minimum however it can be 

considerably faster. Rosetta uses a Monte Carlo search algorithm because of its speed. 

Given a backbone template a typical sequence design simulation in Rosetta proceeds as follows. The 

residues to be designed are selected as well as the set of amino acids each position may mutate too 

(this could be a full sequence design allowing every amino acid at all positions or a partial allowing 

only a subset). A set of probable side chain conformations are selected for each sequence position 

from the rotamer library of Dunbrack and Cohen [57]. In most cases, the energies of all pairs of 

rotamer combinations are calculated using the pair-wise decomposable energy function described 

above. The search function then randomly changes the rotamer or amino acid identity at a residue and 

evaluates the new energy and either accepts or rejects the change based on the Metropolis 

criterion[66].  The Metropolis criterion automatically accepts changes that lower the energy and uses 

a Boltzmann probability to evaluate changes that raise the energy (see below).  P is the probability of 

accepting the change, Eold and Enew are the energy of the protein before and after the change 

respectfully, kB is the Boltzmann constant, and T is a temperature.  



13 

 

𝑃𝐴𝐶𝐶𝐸𝑃𝑇 =  𝑒
− 
𝐸𝑛𝑒𝑤 −𝐸𝑜𝑙𝑑

𝑘𝐵𝑇
 
 

The search function further also seeks the global minimum though a technique called simulated 

annealing where the temperature is set high to begin and lowered as the search progresses. This 

allows a large conformational search which eventually narrows to a local minimum as changes that 

have a large affect on the energy become less likely. 

This Monte Carlo simulated annealing procedure is all that is used for fixed backbone design. For 

flexible backbone design, we iterate between the above protocol and a step where a conformational 

perturbation is made to the backbones.  There are several different chemically relevant perturbations 

that are used to search through backbone conformational space.  “Small” perturbations are 1-3 degree 

rotations about φ or ψ.  “Shear” perturbations are when ψ is changed and then φ is changed by the 

same amount in the opposite direction. “Wobble” perturbations are a section of 1 to 3 residue is 

swapped out for a another section from a fragment library made from know protein structures [60]. 

Wobble moves are not compatible with NCAAs as with the knowledge-based scoring terms, there are 

not enough structures that contain NCAAs to generate a fragment library. “Backrub” perturbations 

are a combination of a rotation about 2 backbone torsional angles and a compensating bending of the 

bond angles formed between the N, CA, and CB [67]. Two other perturbations involved making a 

break in the backbone of the protein, varying the backbone dihedral angles near the break and then 

relinking the chain in a new conformation using a cyclic coordinate descent algorithm or kinematic 

loop closure algorithm [38]. Additionally backbones of different protein chains can be rotated or 

translated relative to each other. 

Peptide/Protein Design Model Systems 

I have used two peptide/protein systems to test the modifications made to Rosetta to enable it to use 

NCAAs. Both systems involved the redesign of a peptide/protein interface by incorporating NCAAs 

in the peptide.  
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Calpain/Calpastatin System 

Calpain is a ubiquitous cysteine protease[68]. Calpain functions as a heterodimer made up of two 

subunits. An 80 kd subunit comprises the first 4 domains (DI-DIV) and includes the catalytic domain. 

A 30 kd subunit comprised of last two domains (DV and DVI) helps regulate the protease. Upon 

calcium binding by domains DII, DIV, and DVI, calpain under goes a conformational change that 

activates the enzyme. The conformational change also allows calpains inhibitor, calpastatin, to 

bind[69, 70]. Todd et al. determined the structure of a 19 residue subdomain of calpastatin binding to 

domain DVI of calpain[71]. This is an ideal system to test the use of NCAAs because of the small 

peptide size and the large hydrophobic pocket on DVI. Rosetta predicts several mutations that could 

increase the binding affinity of the peptide for the protein. Experimental validation of the predictions 

is ongoing. Results obtained indicate that designs predicted by Rosetta are have lower disassociation 

constant than the native sequence. The calpain/calpastatin system, the design methodology, and 

experimental validation are discussed in chapter 3.  

HIV GP41/PIE12 System 

The HIV gp41 protein is responsible for bringing the HIV virus membrane in proximity to the host 

cell membrane allowing for membrane fusion and viral entry[72].  The integration process is starts by 

the HIV gp120 protein binding to 2 receptors on the host cell, CD4 and member of the chemokine 

family. Upon receptor binding, conformational changes in gp120 induce conformational changes in 

gp41 that cause it to extend and its transmembrane domain to penetrate the host cells membrane, 

linking the virus to the host cell and forming what is called the pre-hairpin complex. For fusion to 

occur, gp41 must undergo a second conformational change where it folds back on itself, forming a 

hairpin, and pulling the virus and host cell membrane together. The conformational change and 

resulting membrane fusion has been inhibited by molecules that bind to a conserved region of gp41 

that is exposed in the pre-hairpin complex[73]. Recently the Kay lab at the University of Utah has 

designed inhibitors made out of the D-enatiomers of the canonical amino acids[74]. D-peptides were 
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used primarily because they are resistant to protolysis[75] which is a problem for protein therapeutics 

made of the L-enantiomers[76]. We are collaborating with the Kay lab to use the D-enantiomers of 

the NCAAs added to Rosetta to try to increase the binding affinity of the inhibitory peptide for gp41. 

Experimental validation of the designs predicted to increase the binding affinity is currently ongoing. 

The gp41/PIE system, the design methodology, and the predicted designs are discussed in chapter 4.  

The incorporation of NCAAs in to our computational protein design program Rosetta is the first 

logical step towards the goal of generalized molecular design. NCAAs are a powerful tool that will 

enable us to design new biological tools, strengthen protein-protein interfaces, and design or improve 

protein therapeutics.  
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Abstract 

Amino acid side chains adopt a discrete set of favorable conformations typically referred to as 

rotamers.  The relative energies of rotamers partially determine which side chain conformations are 

more often observed in protein structures and accurate estimates of these energies are important for 

predicting protein structure and designing new proteins.  Protein modelers typically calculate side 

chain rotamer energies by using molecular mechanics (MM) potentials or by converting rotamer 

probabilities from the protein database (PDB) into relative free energies.  One limitation of the 

knowledge-based energies is that rotamer preferences observed in the PDB can reflect internal side 

chain energies as well as longer-range interactions with the rest of the protein.  Here, we test an 

alternative approach for calculating rotamer energies.  We use three different quantum mechanics 

(QM)  methods (second order Moller-Plesset (MP2), density functional theory (DFT) energy 

calculation using the B3LYP functional,  and Hartree-Fock) to calculate the energy of amino acid 

rotamers in a dipeptide model system, and then use these pre-calculated values in side chain 

placement simulations.  Energies were calculated for over 35,000 different conformations of leucine, 

isoleucine and valine dipeptides with backbone torsion angles from the helical and strand regions of 

the Ramachandran plot.  In a subset of cases these energies differ significantly from those calculated 
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with standard molecular mechanics potentials or those derived from PDB statistics.  We find that in 

these cases the energies from the QM methods result in more accurate placement of amino acid side 

chains in structure prediction tests. 

Introduction 

Amino acid side chains adopt a variety of conformations.  An accurate estimate of the relative 

energies of different side chain conformations is essential for high resolution structure prediction, 

protein design and modeling protein dynamics.  These energies are generally calculated by using 

molecular mechanics (MM) potentials or by deriving energies from the probability of observing a 

particular side chain conformation in the PDB [1] [2].  Most MM potentials use empirically derived 

functions to model the energetics of bond stretching, bending and torsion angle perturbation [3].  

Non-bonded interactions are generally modeled with a Lennard-Jones potential and a form of 

Coulomb’s potential to model electrostatics.  MM potentials are often parameterized to match results 

from quantum mechanics (QM) calculations on model compounds.  The advantage of MM potentials 

is that they are generalizable to a variety of atom types, they are fast to evaluate and the same force 

field can be applied throughout a molecule.  For instance, the same MM expressions can be used to 

model energetics within an amino acid side chain as between side chains.  A limitation of MM 

potentials is that the calculated energies are sensitive to the model systems used to parameterize them 

[4].  Different MM potentials often give different answers when evaluating the same set of molecules, 

for instance, producing a MM potential that accurately represents the torsional preferences of a 

peptide backbone has proven to be difficult  [5-7].    

A common alternative to MM potentials are knowledge-based energy functions. Comparative 

analysis of amino acid side chains in protein structures has shown that most side chains only adopt a 

limited set of conformations, typically referred to as rotamers [8].  Additionally, some rotamers of an 

amino acid are observed more often than others, suggesting that the internal energies of the various 

rotamers are not equal.  Using protein structures from the PDB, databases have been constructed, 
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commonly referred to as rotamer libraries, that specify the most commonly observed torsion angles 

associated with each rotamer of an amino acid, and the frequency that the various rotamers are 

observed in the protein database, most recently reviewed by Dunbrack[9].  Because rotamer 

probabilities depend on the local environment of a side chain, the probabilities are often measured as 

a function of the backbone dihedral angles of a residue, or as a function of secondary structure [10].  

Rotamer probabilities are typically converted to energy by assuming Boltzmann sampling and taking 

the logarithm of the probability[11].  This assumption was supported in one case by showing that the 

relative favorability of different methionine rotamers as determined by high level quantum mechanics 

simulations matches the preference of methionine to adapt a particular rotamer in the PDB[12].  

Knowledge-based torsional preferences have been used with good success to predict the 

conformations of amino acid side chains and to design new protein structures and functions [13, 14].    

However, there are situations in which a knowledge-based approach may lead to an inaccurate 

estimate of protein energy.  Particularly challenging is making sure that the knowledge-based term 

does not represent energies that are included in other terms in the energy function.  For example, 

many modeling programs use a Lennard-Jones (LJ) potential evaluated between pairs of atoms to 

model van der Waals forces and steric repulsion.  If the LJ potential is evaluated between pairs of 

atoms that contribute to rotamer probabilities observed in the PDB, then there will be double 

counting.  In some cases it is clear which atom pairs to ignore to prevent double counting; if rotamer 

statistics are being used to evaluate side chain preferences than atom pairs within a side chain should 

not be considered.  It is less clear if atom pair energies should be considered with backbone atoms in 

the neighboring residue.  It will depend in part if the rotamer statistics are compiled as a function of 

the protein backbone dihedral angles.  Because the amide group of the following residue (i+1) and the 

carbonyl group of the preceding residue (I -1 ) are determined by the phi and ψ angles of the central 

residue (i), it can be argued that atom pair energies should not be calculated between these groups and 

the side chain of i.  Potentially even more subtle are longer range interactions commonly observed in 
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protein secondary structure.  In a helix, the preferred side chain conformation at residue i is 

determined in part by interactions with the residue at positions i-3 and i-4, and therefore, the 

energetics of this interaction is folded into rotamer statistics of helical residues from the PDB.   

Instead of using MM potentials or knowledge-based potentials to calculate protein energetics, an 

alternative approach is to use direct quantum mechanics (QM) calculations.  Energies from QM 

calculations have been shown to more accurately reproduce backbone and side chain dihedral 

preferences in the PDB[5, 12].  A crucial limitation of QM is that in general it can not be applied to 

full-sized proteins, and even for a single amino acid most QM simulations require on the order of 

minutes to perform.  For this reason it is not feasible to perform a QM simulation on every structure 

that is created during a protein design simulation or a molecular dynamics simulation.  However, 

because only a limited set of side chain conformations are observed during a protein simulation, it is 

possible to precompute the energy of a side chain in various conformations with QM, and then use 

these energies during protein simulations.  Here, we explore this approach by precomputing energies 

of ~35,000 conformations of valine, isoleucine and leucine with QM calculations, and then test these 

energies in side chain prediction tests on full-size proteins.  We find that in situations where 

knowledge-based potentials are more likely to double count or miscount interactions, that the QM 

energies provide more accurate side chain predictions.       

Materials and Methods 

Dipeptides 

To calculate the internal energies of amino acid side chain rotamers QM and MM calculations were 

performed on amino acid dipeptides (ACE-X-NME, where X is the amino acid being tested) (figure 

1).  The dipeptide is commonly used to probe side chain energetics because the relative positions of 

all the atoms in a dipeptide are primarily determined by phi/psi and the side chain chi angle of a 

single residue.  Backbone and side chain dihedral angles were fixed to their desired values during the 
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calculations. Backbone dihedral angles were sampled combinatorially in regions of phi/psi space that 

correspond to α-helical and β-strand conformations (α: phi = -70 to -40 and psi = -50 to -20, β: phi = -

110 to -160 and psi = 110 to 160) in ten degree intervals. Chi angles were sampled at their canonical 

angles (-60, 60, 180) and ±10, ±20, and ±30 degrees; resulting in 336 valine-α structures, 7056 

isoleucine-α/leucine-α structures, 504 valine-β structures, and 10584 isoleucine-β/leucine-β 

structures. When referring to the various rotamers we use the nomenclature established in Lovell et 

al. [10] where “m” is minus gauche (-g, ~-60), “p” is plus gauche (+g, ~+60), and “t” is trans (t, 

~180).  

MM 

Molecular mechanics simulations on the constrained dipeptides were carried out using the CHARMM 

force field (version 22) [15] and Cedar molecular mechanics force fields as implemented in the 

molecular mechanics package Sigma [16, 17]. The phi, psi, and chi dihedral angles of each dipeptide 

were constrained using a 1000 kcal / mol force.  To optimize bond angles, bond lengths, and 

unconstrained dihedrals, structures were put through 2000 rounds of conjugate gradient minimization.  

Amber version 9 with the FF99 force field was also used to evaluate the energies of the dipeptides.  

As with the Cedar and CHARMM methods, the phi, psi, and chi dihedrals angles were constrained 

using a 5000 kcal / mol force and structure optimization was done with 5000 cycles of conjugate 

gradient minimization.  The dihedral constraint energy was not included in the final calculated 

energies.  

QM 

Quantum mechanics calculations were carried out using Gaussian03 from Gaussian Inc.[18].  

Energies were calculated by first performing a Hartree Fock (HF) minimization followed by a second 

order Moller-Plesset (MP2) energy calculation and a density functional theory (DFT) energy 

calculation using the B3LYP functional. In addition to the MP2 and DFT energies the final energy 

from the HF minimization was also used in the tests described below. All calculations were 
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performed with the 6-31G(d) basis set except where noted.  The HF minimization is the slowest step 

in this process.  To shorten the time of the calculations and to prevent large clashes that can occur 

when the dihedral angles of a starting structure are rotated and fixed, the starting structure used for 

each minimization varied by only ten degrees in either phi, psi or one of the chi dihedrals from the 

target set of angles. For example a minimized valine dipeptide with phi = -60, psi = -40, chi1 = -60, 

would be allowed to serve as a starting structure for ((-70 or -50), -40, -60), (-60, (-50 or -30), -60), 

and (-60, -40, (-70 or -50)).  

Each class of calculations (valine-α, valine-β, isoleucine-α, isoleucine-β, leucine-α, leucine-β) had 

one set of phi/psi values tested with a larger basis (6-31+G(d), 6-311+G(d)) set to see if increasing the 

size of the basis set lead to improvements in the rotamer prediction benchmarks. Only the leucine α 

class of dipeptides showed improvement with an increased basis set (6-31+G(d)) and the entire 

phi/psi range was rerun using this larger basis set.  

Calculations were performed on either a IBM P690 Model 681 running AIX or an SGI Altix 3700bx2 

running RedHat Enterprise Linux 3 maintained by the UNC Information Technology Services 

(http://its.unc.edu) (both) or the National Center for Supercomputing Applications (IBM P690). 

Calculations on either machine take ~1 hour of CPU time per structure with the 6-31G(d) basis set 

and ~3 hours using the 6-31+G(d) basis set.  

Knowledge-based rotamer energies 

Knowledge-based rotamer energies were computed using the protein modeling program Rosetta: 

  (1)                 ),,|(*),,,|(ln),,,,(  aarotPaarotPRTaarotE rotchirotamer


  

where Pchi is the probability that a particular rotamer will have a certain set of chi angles ( 


), Prot is 

the probability that, given phi and psi, a particular amino acid (aa) will adopt a particular rotamer 

(rot).  Prot is taken directly from Dunbrack’s most recent rotamer library (http://dunbrack.fccc.edu/).  

http://dunbrack.fccc.edu/
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Pchi is determined using the standard deviations included in Dunbrack’s library assuming each side 

chain torsion angle (χ1, χ2, …) is independent of the other torsion angles:  
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Where χ(i) is the torsion angle for the ith chi angle,   is the average value for that chi angle for a 

particular rotamer, and σχis the standard deviation for that chi angle for the same rotamer. 

Side chain prediction tests 

To determine the usefulness of the different methods for calculating the relative energies of amino 

acid rotamers, we tested them to see how accurately they could reproduce native side chain 

conformations from a set of ~2800 protein structures with a resolution not higher than 2.0 angstroms 

[19].  In these tests the side chain of a residue was removed and rebuilt with Rosetta in the context of 

the whole protein.  Neighboring residues were held fixed.  The energy of each rotamer in the context 

of the whole protein was calculated by adding the intrinsic energy of the rotamer, as determined by 

the theoretical calculations on the dipeptides, to the standard Rosetta energy.  Because the theoretical 

calculations were performed for 10 degree increments of phi, psi and chi angles, linear interpolation 

was used to estimate the energy for a specific set of torsion angles.  The knowledge-based term 

usually used to evaluate internal rotamer preferences was removed from the Rosetta energy function 

except in the cases in which it was being tested.  The lowest energy rotamer in the context of the 

whole protein was taken as the Rosetta prediction.  The test was performed for all valine, isoleucine 

and leucine residues with phi and psi angles in the range covered by the QM simulations.  Each side 

chain was sampled at its most probable chi angle (as given by Dunbrack’s backbone dependent 

rotamer library) as well as chi angles that varied  ±0.5, ±1, ±1.5, and ±2 standard deviations away 
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from the mean (again as given by Dunbrack’s backbone dependent library).  This results in 27 

rotamers for each valine and 729 rotamers for isoleucine and leucine.   

To insure that the position of the side chain was well-defined in the crystal structure, residues were 

only used for the side-chain replacement test if all atoms of the side chain in the crystal structure had 

B-factors less than 20.  In the case of leucine rotamers, if the native conformation in the crystal 

structure was one of the commonly mistakenly assigned mp* and tt* rotamers [10], the position was 

omitted.  

Analysis of side chain prediction results 

A number of statistics were gathered to determine how well side chain conformations were predicted. 

Percent Total correct: The percent of residue positions where the side chain conformation was 

correctly predicted.  A prediction was considered correct if all chi angles in the predicted side chain 

were within the same torsional basin as the native side chain.  

Percent Correct and Chi Free: The percent of residue positions where the rotamer was correctly 

predicted given that the position was “free.”   A residue is considered free if the preferred side chain 

conformation is not primarily determined by repulsive interactions with neighboring residues.  We 

define a position to be free if the repulsive energy as computed by Rosetta between the side chain and 

neighboring residues is less than 0.5 kcal / mol for at least two alternate side chain conformations, 

where the conformations differ by more than 60 degrees in at least one of their chi angles.  For 

Percent Correct and Chi1 Free, a position is only considered free if 2 conformations with low 

repulsive energies have chi1 angles that differ by more than 60 degrees.  

Percent Minimum Energy and Closest Chi: The percent of positions where the dihedral angle with the 

lowest energy is the closest to that of the native angle of all the dihedrals tested.  

Standard Rosetta Energy Function 
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The Rosetta energy function has been described previously [20].  Directly relevant to this study is the 

12-6 Lennard-Jones potential that is used to evaluate van der Waals forces and steric repulsion.  This 

potential is evaluated between most pairs of atoms in the protein.  It is not evaluated between atoms 

within a residue.  In addition it is not evaluated between the amide group and Cα of residue i+1 and 

the atoms in i, and it is not evaluated between the carbonyl group and Cα of the preceding residue (i-

1) and the atoms in i.  These interactions are left out because these interactions should be accounted 

for by backbone dependent rotamer energies derived from PDB statistics.  These interactions with the 

neighboring backbone atoms will also contribute to the energies calculated for the dipeptides, and 

therefore it is appropriate that these energies are not included in the Rosetta Lennard-Jones 

calculations.  Explicit hydrogens are modeled on all atoms, but they are only used to check for steric 

overlap and only contribute to the energy of the protein when they have Lennard-Jones energies that 

are greater than zero.  The van der Waals radii and Lennard-Jones well depths have been described 

previously [20].       

Results 

QM and MM energy calculations were performed on dipeptides of valine, isoleucine and leucine with 

a variety of side chain conformations and phi and psi angles from either the α-helical or β-strand 

regions of the Ramachandran plot.  In many cases, the QM energies from the final step of the HF 

minimization or the MP2 or DFT energy calculations were significantly different from those 

calculated with the CHARMM22, Cedar or Amber force fields.  For example, for a valine dipeptide 

with a phi of -60° and a psi of -40° the m (chi1 ~ -60°) rotamer is predicted by the CHARMM22 

force field to be -0.8 kcal / mol more favorable than the p rotamer (chi 1 ~ 60°) (figure 2).  QM 

calculations at the MP2 level predict the opposite; the p rotamer is predicted to be -0.6 kcal / mol 

more favorable than the m rotamer.  These are significant differences when one considers that 

proteins are only stable by a few kcals / mol.  In some cases, the most preferred chi angle for each 

rotamer also differed between the QM and MM simulations.  For the valine dipeptide the QM 



 32 

calculations of the HF energy preferred a chi1 near 170° for the t rotamer while the CHARMM22 

force field favors a chi1 near 190° (figure 2).  A complete list of calculated energies is provided in the 

supplementary material. 

Energy calculations with dipeptides that have different phi and psi angles highlight the importance of 

interactions between the side chain and the local backbone.  The relative energies of the rotamers 

often shift dramatically with just small changes in one of the backbone dihedral angles: for valine 

with a phi -50° and a psi of -30° the QM calculations (MP2) predict that the t rotamer is 0.8 kcal / mol 

less favorable than the m rotamer, when psi is shifted to -50° the situation is reversed and the t 

rotamer is predicted to be 1.1 kcal / mol more favorable than the m rotamer (figure 3, table 1).  This 

dramatic change with such a small change in psi reflects interactions between the backbone carbonyl 

oxygen and the side chain methyl groups on valine.  In general when the backbone torsion angles are 

varied, the energies calculated with the 3 MM potentials follow the same trends observed with the 3 

QM calculations.  The strong dependence of rotamer energies on phi and psi indicates that if 

precomputed rotamer energies are to be used during protein simulations, they should be calculated as 

a function of phi and psi, and phi and psi should be sampled at least every 10 degrees. 

To compare the QM and MM energies with rotamer statistics from the PDB, the energies were 

converted to rotamer probabilities assuming a Boltzmann distribution and a temperature of 298 K 

(figure 4).  Overall agreement between two methods for a single amino acid and backbone 

conformation was measured by computing the root mean square deviation between the probabilities 

of observing each rotamer (table II).  The biggest differences between the PDB statistics and the 

theoretical methods occur for valine and isoleucine with helical phi and psi angles.  Unlike most 

amino acids, valine and isoleucine are β-branched, i.e. there are two non-hydrogen side chain atoms 

bonded to the Cβ atom.  When a valine or isoleucine is in a α-helix there is only one chi 1 rotamer it 

can adopt and avoid a clash between its C  groups and the carbonyl oxygen on residue i-3.  This 

restriction on chi 1 is evident in the PDB statistics (figure 4), but is absent from the theoretical 
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calculations that were performed in the context of a dipeptide.  This provides a clear example of a 

case where double counting will occur if PDB statistics are used in combination with Lennard-Jones 

energies when calculating the energy of residues i and i-3. Tables showing the rotamer probabilities 

binned by phi and psi dihedral angles for all of the theoretical methods are provided in the 

supplementary material.  

Aside from valine and isoleucine in the helical region, the energies calculated with QM and MM 

match reasonably with those derived from PDB statistics, although there are some specific cases 

where the MM potentials deviate significantly.  The Amber potential favors the TP rotamer over the 

MT rotamer for leucine when it has helical torsion angles, but the MT rotamer is more commonly 

observed in the PDB.  The Cedar potential strongly favors the trans rotamer for valine when it has ɑ 

backbone angles, but this is the least common rotamer in the PDB.  Not surprisingly, the 

aforementioned potentials perform poorly in side chain prediction tests for the regions of 

Ramachandran space in which they deviated from the QM and the PDB statistics. 

Side chain prediction tests 

We have shown several examples that demonstrate that the three different approaches, QM, MM and 

knowledge-based, give significantly different energies for many side chain rotamers.  To determine 

which of these potentials more accurately represents the internal energy of amino acid residues, we 

performed side chain prediction tests with the Rosetta protein modeling program.  In these tests a 

single side chain was removed from a residue in a protein, and Rosetta was used to predict the 

conformation of the removed side chain.  The prediction was performed by cycling through all 

rotamers and sub-rotamers of the missing amino acid and choosing the one with the lowest energy.  

The energy function was a linear sum of the internal energy of the rotamer, as calculated by the QM, 

MM or knowledge-based potential, and long range interactions between the rotamer and its neighbors 

calculated with the standard Rosetta energy function.  Neighboring residues were held fixed in this 

test because QM energies are only available for valine, isoleucine and leucine.  As a control, tests 
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were also performed in which each rotamer of an amino acid was assumed to have equal internal 

energy (flat).  The side chain prediction test was performed on 5360 valine-α, 6377 valine-β, 7569 

leucine-α, 2546 leucine-β, 4278 isoleucine-α and 3928 isoleucine-β positions in over 2800 proteins.  

The predictions were analyzed to determine how often the correct rotamers were predicted (i.e. the 

correct torsional wells), and how close the chi angles were to the native chi angles as described in the 

materials and methods section. 

Overall, all of the methods do well in the side chain prediction test; all of them predict the correct 

rotamer at more than 90% of the positions.  This result was expected because at most sequence 

positions only one rotamer can fit without clashing with the neighboring residues, and the energy 

from a clash will overwhelm the internal energies of the amino acids.  Indeed, in the tests without any 

internal energy for the side chain the correct rotamer was predicted over 85% of the time.  This does 

not indicate that the internal rotamer energies are unimportant.  This test is artificial in that we are 

keeping all the neighbors fixed as well as the protein backbone.  In a full protein simulation all 

backbone positions and side chains are free to vary and changes in 1 kcal / mol as a side chain moves 

to a new rotamer are certainly important.  To make the test more discriminatory, we focused on 

sequence positions at which the correct rotamer was not specified by simply looking for clashes with 

neighboring residues.  If a side chain could adopt two rotamers that had a predicted clash score of less 

than 0.5 kcal / mol and differed by more than 60° at chi 1, than that position was included in our 

refined test.  Because isoleucine, valine, and leucine are often found in the interior of a protein, this 

filter removed a large number of sequence positions from our test.  The filter reduced the number of 

test positions to 118 valine-α, 549 valine-β, 842 leucine-α, 761 leucine-β, 2949 isoleucine-α and 477 

isoleucine-β. 

In the filtered side chain prediction test there are notable differences between the three methods, 

reflecting the different energies the methods give for the internal energy of rotamers.  The largest 

differences are seen for isoleucines and valines with helical phi and psi angles.  Rosetta’s knowledge-
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based potential, which is based on Dunbrack’s backbone dependent rotamer library, only picks the 

correct rotamer 53% of the time for valine and 41% for isoleucine (table III).  The QM calculations 

with the HF energy predict the correct rotamer 67% of the time for valine and isoleucine.  The 

prediction accuracy with the MM potentials vary significantly; Cedar only places 35% of the valine 

side chains accurately while CHARMM22 places 55% correctly.  These results confirm that for 

isoleucine and valine with helical torsion angles that the knowledge-based potential does not 

accurately reflect the internal energy of isoleucine and valine, but rather the potential is dominated by 

interactions that isoleucine and valine make with neighboring residues in a helix.       

For residues with phi and psi angles in the β-strand region of the Ramachandran plot the QM and 

knowledge-based potentials do equally well.  This suggests that for these residues that the knowledge-

based potential is a fairly accurate measure of the internal energy of a side chain.  The results with the 

MM potentials are more varied, and no single potential performs as well as the QM potential or the 

knowledge-based potential. The complete results table is available in the supplementary information.  

Discussion 

Accurate estimates for the relative energies of amino side chain conformations are important for 

protein structure prediction, protein design and drug design.  Here, we have shown that various 

approaches for calculating these energies, molecular mechanics potentials, quantum mechanics 

calculations and knowledge-based potentials, can give significantly different results, in some cases on 

the order of 1 kcal / mol per side chain.  In general, the QM and knowledge-based energies are more 

similar with each other than with the results from the molecular mechanics potentials.  To evaluate 

which potentials were most accurate we performed side chain prediction tests.  In particular, we 

examined residues in proteins for which the correct side chain conformation could not be predicted by 

searching for clashes with neighboring residues.  In most scenarios the QM potentials and the 

knowledge-based potential performed equally well.  The exceptions were valines and isoleucines with 

backbone torsion angles from the helical region of the Ramachandran plot.  In these cases the QM 
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potential significantly outperformed the knowledge-based potential because the knowledge-based 

potential is not an accurate representation of the internal energy of the side chains in this situation, but 

rather also represents energetics terms derived from being in a helix.   

The discrepancy between the QM and knowledge-based energies for β-branched amino acids with 

helical torsion angles, highlights one of the potential pitfalls of using knowledge-based potentials.  

The physical basis for preferences observed in the protein database may not always be cleanly 

assigned to a single energetic effect.  For instance, the common hydrogen bond geometries and 

distances observed in the backbone of an α-helix represent more than the relative energy of different 

hydrogen bond configurations, they also reflect all the other energetic terms that go in to determining 

the optimal conformation for a helix. In other words, when knowledge-based potentials are combined 

with each other or with molecular mechanics potentials, there is a possibility of double counting. 

The MM potentials gave fairly erratic results: performing well in some cases but poorly in others.  

The overall success of the QM energies in side chain prediction tests suggest that they could be used 

as a benchmark for improving the MM potentials [21, 22]. QM simulations on dipeptides have played 

extensive roles in the parameterization of molecular mechanics potentials from the beginning. 

Recently there have been attempts by the developers of the CHARMM (version 31) [4, 23, 24] and 

ECEPP (version 5) [25] suites to improve the modeling of the protein backbone using QM 

simulations similar to those conducted here. Both groups sampled either the complete or selected 

regions of phi/psi space of alanine, glycine, and proline dipeptides. The ECEPP group refit the 

parameters used to compute backbone torsional energy while the CHARMM group refit its torsional 

backbone parameters as well as created a 2D grid correction scheme. Both groups have shown 

improved modeling of the protein backbone [26].   

In this study we have restricted our tests to hydrophobic amino acids that do not have the potential to 

form strong electrostatic interactions between the side chain and the polar atoms in the backbone.  In 



 37 

vacuum QM simulations with dipeptides will not be as useful for determining the rotamer preferences 

of polar side chains.  An alternative approach is to perform QM/MM simulations where the dipeptide 

is treated by QM and explicit solvent is modeled with a MM forcefield.  This type of approach has 

been used by Hermans and co-workers to map out the conformational preferences of solvated 

peptides [5].  The peptides intramolecular energies were calculated with the self-consistent charge 

density functional tight binding method (SCCDFTB) and the solvent was represented by either the 

SPC or TIP3P models.   The distribution of backbone torsion angles obtained with the QM/MM 

approach more closely matched distributions from high-resolution protein structures than did 

distributions obtained using only MM potentials.  Our results suggest that before performing 

computationally intensive QM/MM simulations with polar side chains, it will be prudent to test our 

knowledge-based potential in side chain prediction test with polar amino acids.  The QM/MM 

simulations will be most useful for conformations for which the knowledge-based potential is not an 

accurate reflection of the internal energy of the residue, but rather reflects longer range interactions 

from the protein.  In conclusion, our results indicate that calculating the relative energies of side chain 

rotamers is still a difficult problem, and combining QM calculations with knowledge-based scores 

may be the best way to generate an accurate potential.  
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Figure 1.1 Diagrams of the (top) valine, (middle) isoleucine, and (bottom) leucine dipeptides showing 

backbone and side chain torsion angles. 
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Figure 1.2 Comparison between the relative energy differences of (black) CHARMM22 MM 

potential, (dark grey) Dunbrack rotamer library, or (light grey) energies from the final step of HF 

minimization for valine in the α-helical region (phi = -60, psi = -40). Probabilities from the Dunbrack 

library were converted to energies using equations 2 and 3 from the text.  Energies for each method 

were set equal to a value of 0 at a chi of -60 to allow for comparison. 
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Figure 1.3 Relative energy versus psi angle for the M (solid line, circles)  and T (dashed line, 

triangles) rotamers of valine dipeptides using the HF (black) and CHARMM (dark grey) methods. 

Energies shown are for the phi and psi angle shown and the chi angle that had the minimum energy 

for that rotamer bin relative to the calculated energy of the M rotamer minimum for each method at a 

phi of -50, and psi of -30. Psi and Chi angles are as follows HF (M): -50/-70, -40/-70, -30/-60, -20/-

60; HF (T) -50/170, -40/170, -30/170, -20/170; CHARMM (M) -50/-70, -40/-60, -30/-60, -20/-60; 

CHARMM (T) -50/190, -40/190, -30/190, -20/190. See methods for rotamer labeling. 
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Figure 1.4 Probability of choosing a particular rotamer according to (black) CHARMM22 MM 

potential, (dark grey) Dunbrack rotamer library, or (light grey) HF QM potential for isoleucine and 

leucine in the canonical α-helical (phi = -60, psi = -40) and  β-strand (phi = -110, psi = 130) region. 

Log probabilities were calculated from energies and normalized to 1 (P = exp(-E/RT)). See methods 

for rotamer labeling.  
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Incorporating Noncanonical Amino Acids into Rosetta 

Introduction 

From the original full automated sequence design of Dahiyat and Mayo [1] to the recently designed 

enzymes designed by Jain et al. and Rothlisberger et al. [2, 3], computational protein design has 

become an increasingly powerful tool for protein modelers. A common theme amongst all of the 

programs used to produce these results is that they are designed to primarily work with the twenty 

canonical amino acids (CAAs) found in humans. The ability to apply the tools and techniques that 

have been developed to design proteins to design other protein-like polymers could allow for the 

creation of new therapeutics and biological tools. The first logical step towards this goal is the 

incorporation of noncanonical amino acids (NCAAs) in to computational protein design software. 

The use of NCAAs in protein design programs has advantages both biologically and computationally. 

Simply changing the chirality of a protein by constructing it out of the D-enantiomers of its amino 

acids has been shown to provide proteolytic resistance[4], an issue which has been a problem for 

protein therapeutics[5]. Protein stability has been increased without significantly disturbing the 

protein structure by replacing common hydrophobic residues with fluorinated derivatives[6]. 

Numerous protein crystal structures have be solved with the aid of selino-methionine phasing[7]. 

Chemically restrained amino acids that have particular φ and ψ angle preferences have been used to 

promote helix formation[8]. These results have been obtained without the use of computational 

modeling and were limited in the scope of what they could design by similarity to the CAAs. 

NCAAs can increase the number of sequences and therefore the number of conformations that can be 

sampled during a design simulation which has been shown to increase the accuracy of the 

simulation[9, 10]. Additional conformations will allow us to find more optimum packing 
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conformations to form additional hydrogen bonds. In contrast incorporating amino acids with 

torsional constraints will restrict the number of conformations the protein could have reducing the 

conformational entropy. 

The term “nonnatural amino acid” is often used to describe NCAAs  but its use is a misnomer as 

amino acids that differ from the canonical twenty are frequently found in nature. The most common 

NCAAs are residues with pre-/co-/post-translational modifications that provide them with additional 

functionality [11-13]. Eukaryotes, prokaryotes, and archea have all been found to have selenocysteine 

residues which are genetically encoded indirectly by overloading the UGA stop codon in conjunction 

with a selenocysteine insertion sequence element[14]. Additionally some methanogenic archaea 

genetically encode pyrrolysine indirectly by overloading the UAG stop codon in conjunction with a 

pyrrolysine insertion sequence element [15].  

Computational protein design programs typically contain two major parts: an energy or scoring 

function to evaluate how well a particular amino acid sequence fits a given scaffold and a search 

function that samples sequences as well as backbone and side chain conformations. Energy functions 

often contain a combination of physically based and knowledge-based terms. Knowledge-based terms 

are generated from protein structures and compiling statistics from which probabilistic pseudo-

energies can be calculated. They are information rich and generally quick to evaluate, but care must 

be taken to avoid double counting[16]. Unfortunately knowledge-based potentials are not compatible 

with NCAAs because there are not enough structures that contain NCAAs to derive meaningful 

statistics and the structures of many NCAA side chains have never been solved in a protein context. 

We have modified the energy function of Rosetta, the computational protein modeling suite 

developed in our lab, by removing knowledge-based terms incompatible with NCAAs and replaced 

them physically-based terms to create an energy function that can be used to evaluate the energy of 

both canonical and noncanonical amino acids. 
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Conformational searches of the backbone degrees of freedom is typically done using small 

perturbations to the backbone dihedral angles, fragment insertion, backrub movements, or using 

robotic loop-closure algorithms[17]. Conformational searches of the side chain degrees of freedom 

are done with the aid rotamer libraries. Rotamer libraries are lists of commonly seen side chain 

dihedral angles[18]. In Rosetta, the side chain rotamer coordinates are determined from dihedral 

angles from the rotamer library and idealized bond lengths, bond angles, and non-χ dihedrals[19]. 

Additionally rotamer libraries include the probability with which set of side chain dihedrals was 

observed in the set of proteins it was trained on. Amino acid rotamers are not observed with equal 

frequency suggesting that the internal energy of the conformation is different. These probabilities can 

be used to compute a pseudo-energy that represents the internal energy of the amino acid. To compute 

the internal energy of a side chain conformation, Rosetta assumes a Boltzmann distribution and uses 

the log of the probability of seeing a given rotamer with particular φ and ψ backbone dihedral angles 

as a measure of the energy as shown bellow.  

𝐸𝑟𝑜𝑡  𝑖 =  − ln 𝑃 𝑟𝑜𝑡𝑖 𝜙𝑖 ,𝜓𝑖   

Where Eroti is the energy of rotamer i, φi and ψi are the φ  and ψ backbone dihedral angles at position 

i, and Proti is the probability of seeing rotamer i when the backbone dihedral are  φi and ψi. The 

probabilities in this equation come from the Dunbrack rotamer library[20]. The frequency of rotamers 

also provides a way of limiting the conformational search to the statistically most likely 

conformation. As with the knowledge-based potentials, the use of rotamers libraries to provide 

common side chain coordinates for use in side chain packing is incompatible with NCAAs because 

there are not enough protein structures to compute statistics. We have developed a method to create 

rotamer libraries for NCAAs that can reproduce the rotamers seen in CAA. 

The modifications we have made to the energy function that allow for the scoring of NCAAs and the 

ability to create rotamers libraries allows us to now be able to use NCAAs in the computational 
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protein design program Rosetta. Currently we have incorporated an additional 88 amino acids in to 

Rosetta. 

Materials and Methods 

Modification of the Rosetta Energy Function 

The Rosetta energy function is a sum of individually weighted terms and is shown bellow. It contains 

a physically-based inter-residue Lennard-Jones term split into repulsive and attractive components  

(𝐸𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝   and 𝐸𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 )[21], a implicit solvation term implemented as described by Lazarids and 

Karplus (𝐸𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 )[22], knowledge-based reside pair electrostatics term (𝐸𝑝𝑎𝑖𝑟 ), orientation 

dependent hydrogen bonding term (𝐸𝑏𝑏 :𝑠𝑐  𝐻𝐵 ,𝐸𝑏𝑏 :𝑏𝑏  𝐻𝐵 , and 𝐸𝑠𝑐 :𝑠𝑐  𝐻𝐵)[23], a knowledge-based term 

that measures the internal energy of an amino acid based on probabilities from rotamer libraries 

(𝐸𝑑𝑢𝑛𝑏𝑟𝑎𝑐𝑘 ), a knowledge-based term that measures Ramachandrin backbone torsion preferences of a 

position (𝐸𝑟𝑎𝑚𝑎 ), and a reference energy term that represents the energy of the unfolded state of a 

protein (𝐸𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 )[9, 24]. 

𝐸𝑝𝑟𝑜𝑡𝑒𝑖𝑛 =  𝑊𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝𝐸𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝 +  𝑊𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 𝐸𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 +  𝑊𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 𝐸𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 +  𝑊𝑝𝑎𝑖𝑟 𝐸𝑝𝑎𝑖𝑟

+  𝑊𝑏𝑏 :𝑏𝑏  𝐻𝐵𝐸𝑏𝑏 :𝑏𝑏  𝐻𝐵 + 𝑊𝑏𝑏 :𝑠𝑐  𝐻𝐵𝐸𝑏𝑏 :𝑠𝑐  𝐻𝐵 +  𝑊𝑠𝑐 :𝑠𝑐  𝐻𝐵𝐸𝑠𝑐 :𝑠𝑐  𝐻𝐵

+  𝑊𝐷𝑢𝑛𝑏𝑟𝑎𝑐𝑘 𝐸𝐷𝑢𝑛𝑏𝑟𝑎𝑐𝑘 + 𝑊𝑟𝑎𝑚𝑎 𝐸𝑟𝑎𝑚𝑎 +  𝑊𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐸𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒  

The inter-residue attractive and repulsive terms are physically based and are compatible with NCAAs. 

The solvation term and the hydrogen bonding terms were trained on canonical protein data but are 

evaluated on atom-atom pairs. The atom types found in CAAs are the same or similar to the atom 

types in the NCAAs and these terms are therefore compatible with NCAAs. The internal energy term, 

the rama term and the pair term are knowledge-based, evaluated based in part on residue identity and 

are not compatible with NCAAs. To replace the internal energy term and the rama term we have 

implemented a intra-residue molecular mechanics Lennard-Jones term and a matching molecular 
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mechanics torsion term, both described below. The reference energy term has been replaced with a 

term that uses an explicit unfolded state model described below. The pair electrostatic term has been 

omitted. The modified energy function used for scoring CAAs and NCAAs is shown in equation 

bellow. 

𝐸𝑝𝑟𝑜𝑡𝑒𝑖𝑛 =  𝑊𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝𝐸𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝 +  𝑊𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 𝐸𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 + 𝑊𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 𝐸𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 +  𝑊𝑡𝑜𝑟𝑠𝑖𝑜𝑛 𝐸𝑡𝑜𝑟𝑠𝑖𝑜𝑛

+  𝑊𝑏𝑏 :𝑏𝑏  𝐻𝐵𝐸𝑏𝑏 :𝑏𝑏  𝐻𝐵 + 𝑊𝑏𝑏 :𝑠𝑐  𝐻𝐵𝐸𝑏𝑏 :𝑠𝑐  𝐻𝐵 +  𝑊𝑠𝑐 :𝑠𝑐  𝐻𝐵𝐸𝑠𝑐 :𝑠𝑐  𝐻𝐵

+  𝑊𝑖𝑛𝑡𝑟𝑎  𝑟𝑒𝑝𝐸𝑖𝑛𝑡𝑟𝑎  𝑟𝑒𝑝 +  𝑊𝑖𝑛𝑡𝑟𝑎  𝑎𝑡𝑟 𝐸𝑖𝑛𝑡𝑟𝑎  𝑎𝑡𝑟 +  𝑊𝑢𝑛𝑓𝑜𝑙𝑑𝑒𝑑 𝐸𝑢𝑛𝑓𝑜𝑙𝑑𝑒𝑑  

Molecular mechanics energy terms functions are commonly used in computational protein design 

programs[25]. In contrast to molecular mechanics which often views proteins as a fixed set of atoms, 

bonds, bond angles, and dihedral angles, the energy functions used by computational protein design 

programs must be able rapidly handle changes to the protein amino acid sequence. This is achieved 

by decomposing the energy function in to terms that can be evaluated between pairs of prospective 

amino acid rotamers. Energy terms that that can be evaluated without information about the 

surrounding rotamers are called one-body terms (ie. 𝐸𝐷𝑢𝑛𝑏𝑟𝑎𝑐𝑘 ). Energy terms that require 

information about the surrounding rotamers are called two-body terms (ie. 𝐸𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝 ). The 

combination of the molecular mechanics torsion and intra-residue Lennard-Jones terms can accurately 

describe the rotation about a bond in a protein design scenario using fixed bond lengths and 

angles[26].  

Implementation of the CHARMM Torsion Potential in Rosetta 

We have implemented a molecular mechanics torsion term of the form shown bellow using the 

CHARMM27 parameter set[27]. 

𝐸𝑑𝑖ℎ𝑒 ,𝑖𝑗𝑘𝑙 =  𝐾𝑖𝑗𝑘𝑙  1 + cos 𝑛𝜒𝑖𝑗𝑘𝑙 −  𝜃𝑖𝑗𝑘𝑙    
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Where for four atoms i, j, k, and l that comprise the dihedral angle, K is a constant, n is the 

multiplicity, χ is the value of the dihedral, and θ is the offset.  Note that a single chemical bond may 

have more than one of these terms such that the sum is expressed as a Fourier series.  The torsion 

term is evaluated for all sets for 4 connected atoms in a protein. The energy from dihedral angles 

comprised entirely of a set of atoms from one rotamer is calculated and stored as a one-body energy 

at full weight. The energy from dihedral angles comprised of a set of atoms from two rotamers is 

calculated and stored as a two-body energy with half of the energy being stored in each rotamer. The 

sum of the one-body and two-body components for a set of rotamer is the full torsion energy of the 

protein.  

Implementation of the CHARMM Lennard-Jones Potential in Rosetta 

We have matched the molecular mechanics torsion term with a matching molecular mechanics 

Lennard-Jones term of the form shown bellow also using the CHARMM27 parameter set[27]. 

𝐸𝐿𝐽 ,𝑖𝑗 =   𝜀𝑖𝜀𝑗   
𝑅𝑚𝑖𝑛 ,𝑖𝑗

𝑅𝑖𝑗
 

12

− 2 
𝑅𝑚𝑖𝑛 ,𝑖𝑗

𝑅𝑖𝑗
 

6

  

Where for two atoms of types i and j,   𝜀𝑖𝜀𝑗   is the well depth, 𝑅𝑚𝑖𝑛 ,𝑖𝑗  is the distance at which atoms 

of type i and j are at an energetic minimum, and 𝑅𝑖𝑗  is the distance between the two atoms. The term 

is evaluated between all pairs of atoms within an amino acid rotamer that are separated by three or 

more chemical bonds. The current Lennard-Jones term in Rosetta has the same form but is only 

evaluated between atoms in different rotamers and at separations of 4 or more chemical bonds. The 

parameters of the inter residue Lennard-Jones term are based on CHARMM but have been adjusted to 

more closely reflect atom/atom distances seen between residues in proteins and are not appropriate 

for evaluating intra-residue energies. Like the inter-residue Lennard-Jones term, the intra-residue term 

is artificially split into attractive and repulsive components at the energy minimum.  

Explicit Unfolded Energy Term 
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The reference energy term in Rosetta represents the unfolded energy of the protein. The individual 

values for each CAA are variable degrees of freedom in the energy function weight fitting procedure. 

Weight fitting is done on a training set of proteins that contain only CAAs and the reference energy is 

therefore incompatible with NCAAs. We have implemented a term to replace the reference energy 

term that uses an explicit unfolded state model and is compatible with both CAAs and NCAAs. To 

calculate the unfolded energy of an amino acid we break a set of ~2000 high resolution, low 

redundancy, protein structures into randomly chosen 5-mer fragments. The list of structures was 

generated from the culled pdb[28]. The central residue of each fragment is mutated, and allowed to 

repack. The unweighted energies of each energy term for each central residue are averaged and 

stored.  When scoring a particular position, the averaged unweighted residue-based energies are 

multiplied by the weight from the respective energy term as shown in bellow. 5-mer fragments are 

used over longer fragments due to cases that happen when mutating a position to an amino acid for 

which the backbone and surrounding side chains are not optimized. 

𝐸𝑢𝑛𝑓𝑜𝑙𝑑𝑒𝑑 ,𝑖 =  𝑊𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝𝐸𝑖𝑛𝑡𝑒𝑟  𝑟𝑒𝑝 ,𝑖
             +  𝑊𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 𝐸𝑖𝑛𝑡𝑒𝑟  𝑎𝑡𝑟 ,𝑖

             +  𝑊𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 𝐸𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 ,𝑖
             

+ 𝑊𝑡𝑜𝑟𝑠𝑖𝑜𝑛 𝐸𝑡𝑜𝑟𝑠𝑖𝑜𝑛 ,𝑖
           +  𝑊𝑏𝑏 :𝑏𝑏  𝐻𝐵𝐸𝑏𝑏 :𝑏𝑏  𝐻𝐵 ,𝑖

             +  𝑊𝑏𝑏 :𝑠𝑐  𝐻𝐵𝐸𝑏𝑏 :𝑠𝑐  𝐻𝐵 ,𝑖
            

+ 𝑊𝑠𝑐 :𝑠𝑐  𝐻𝐵𝐸𝑠𝑐 :𝑠𝑐  𝐻𝐵 ,𝑖
            +  𝑊𝑖𝑛𝑡𝑟𝑎  𝑟𝑒𝑝𝐸𝑖𝑛𝑡𝑟𝑎  𝑟𝑒𝑝 ,𝑖

             +  𝑊𝑖𝑛𝑡𝑟𝑎  𝑎𝑡𝑟 𝐸𝑖𝑛𝑡𝑟𝑎  𝑎𝑡𝑟 ,𝑖
              

Where 𝐸𝑗 ,𝑖
     is the average unweighted energy for energy term j and residue type i. 

Energy Function Training 

The Rosetta energy function is the sum of individual weighted energy terms as show above. 

Substantial changes to the terms in the energy function require a re-optimization of the weights on the 

individual terms. The weights are trained to maximize the probability of seeing the native amino acid 

at each position in a set of high resolution protein structures during a complete sequence redesign. 

The weights on certain terms can be kept fixed or allowed to be free to change. The weight fitting is 

done by first calculating the unweighted energies for all rotamers at all positions in all of the 
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structures. Second, the weights on the free terms are optimized using a combination of particle swarm 

optimization and David-Fletcher-Powell minimization routines to maximize a fitness function. The 

fitness function used is designed to maximize the probability of the native amino acid having a lower 

energy than all other amino acids and is shown bellow. Third, the new set of weights is used to 

redesign the set of training proteins and the sequence recovery is tested. If the sequence recovery 

increases, the new set of weights is accepted. If the sequence recovery decreases the new weight set is 

averaged with the previous weight set.  These three steps are repeated 10 times. The fitness function, 

F, that is maximized during the optimization is shown bellow. 

𝐹 =   − ln 
𝑒
 
−𝐸𝑛𝑎𝑡𝑖𝑣𝑒  𝐴𝐴

𝑘𝐵𝑇
 

 𝑒
 
−𝐸𝐴𝐴
𝑘𝐵𝑇

 
𝑎𝑙𝑙  𝐴𝐴

 
𝑎𝑙𝑙  𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠
𝑎𝑙𝑙  𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠

 

Where E is the Rosseta energy, kB is the Boltzmann constant, and T is the temperature. 

CAA Sequence and Rotamer Recovery Benchmarks 

The modified energy function is tested on its ability to score CAAs using two benchmarks: a rotamer 

recovery benchmark, and a sequence recovery benchmark. In the benchmarks a side chain 

optimization procedure is performed on a set of high resolution protein structures. In the rotamer 

recovery benchmark, the rotamers used are limited to the rotamers of the native amino acid and the 

percent of native rotamer recovered is recorded. In the sequence recovery benchmark, the rotamers of 

all CAAs are allowed at each position and the sequence identity is recorded. 

Rotamer Library Creation 

Rotamer Library Creation Protocol 

We have developed a simple protocol, called MakeRotLib, which can create backbone dependent 

amino acid rotamer libraries for both CAAs and NCAAs as shown in figure 1. The rotamer 

calculations are done using an amino acid dipeptide model system, a single residue with an acetylated 
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N-terminus and an N-methylated C-terminus. The dipeptide system mimics all the interactions that a 

side chain would have with the surrounding protein backbone. φ and ψ backbone dihedrals are 

combinatorial sampled in 10 degree intervals creating 1296 φ/ψ bins. For each of these φ/ψ bins, a set 

of amino acid dipeptides are created where the side chain χ dihedrals are combinatorial sampled in 

varying size intervals depending on the number of χ angles, the composition of the side chain, and the 

expected number of rotamers. Figure 1A shows the starting side chain dihedral angles for leucine 

with α-helical backbone dihedrals (φ=-60 and ψ=-40), with both side chain χ angles sampled at 5 

degree intervals.  

Each dipeptide is minimized with 25 steps of linear-gradient minimization to the closest local 

minimum. 

The φ and ψ backbone dihedrals as well as non-χ side chain dihedrals are kept fixed during 

minimization. Linear minimization was chosen over other forms of minimization because it causes 

the side chain to move to the closest local minimum and will not jump out of the local energy well. 

The rotamers of amino acids side chain are simply the local minimum in the side chain energy 

landscape. The set of minimized side chain dihedral angles for leucine with α-helical backbone 

dihedrals (φ=-60 and ψ=-40) is shown in figure 1B. 

Following minimization, the set of minimized side chain dihedral angles is clustered using a K-means 

clustering algorithm. The K-means algorithm works by first calculating the root mean squared 

distance between each set of side chain dihedral angles and each member of a set of cluster centroids. 

The set of side chain dihedrals becomes assigned to the cluster it is closest to. Second, the cluster 

centroids are recalculated to be the geometric mean of the members of that cluster. The algorithm 

iterates between these two steps until no side chain dihedral sets change clusters or 500 iterations. The 

minimized angles are shown colored by cluster and with the final centroid positions for leucine with 

α-helical backbone dihedrals (φ=-60 and ψ=-40) in figure 1C. 
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We do not predefine limits or bins in which rotamers can exist. A draw back however of the 

algorithm is that it requires knowing the number of clusters and an estimate of the starting positions 

of the cluster centroids before hand. However, Rosetta calculates side chain dihedral angles for 

positions with φ and ψ that fall in between the predefined bins using a linear interpolation between φ 

and ψ bins but also between rotamer bins. In order to properly interpolate between rotamer bins the 

number of rotamers for each φ/ψ bin must be equal. The number of rotamer bins for each amino acid 

and the starting values of the cluster centroid positions are determined using test runs and expected 

results based on previous rotamer libraries. The set side chain dihedral angles to be used as the angles 

for each rotamer is the lowest energy set of angles in each cluster after the iterative clustering 

procedure. The final rotamers for leucine with α-helical backbone dihedrals (φ=-60 and ψ=-40) are 

shown in figure 1D. 

The Dunbrack rotamer library assumes that side chains are rotameric and can be fit to a Gaussian 

distribution. Dunbrack provides standard deviations in addition to the mean angles in its library. 

Rosetta uses these standard deviations to calculate off rotamer side chain conformations that increase 

the number of rotamers sampled.  To calculate standard deviations we sample around each side chain 

χ angle until the energy increases by 0.5 kcals/mol.  

Rosetta makes use of the probabilities of a given rotamer listed in the Dunbrack rotamer library for 

determining the internal energy but also a way to screen bad rotamers. Rosetta only uses the top 95% 

of rotamers for each φ/ψ bin during side chain optimization. The rotamer libraries generated here are 

not used for energy evaluation but only as starting points for the side chain packing. However the 

removal of high energy rotamers speeds up side chain optimization. We therefore convert the energies 

to probabilities using the equation bellow. 

𝑃 =  𝑒
 
−𝐸
𝑘𝐵𝑇
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Where P is the probability, E is the energy of the rotamer, and kBT is the Boltzmann constant. The 

probabilities are normalized to sum to 100% for each φ/ψ bin. 

NCAA Rotamer Libraries 

NCAAs were chosen based on what is commercially available, could be modeled using the existing 

CHARMM torsion and Lennard-Jones parameters, and has four or fewer heavy atom side chain χ 

angles. Some conformers of NCAAs are difficult to model using rotamer libraries because they 

involve coordinated movements of multiple torsion angles (ie. The transition between cyclohexo ring 

conformers). In these cases the different conformers were modeled as independent types residue 

types.  

We have added the following list of NCAAs to Rosetta and generated rotamer libraries for the ones 

with rotatable side chain dihedrals: 1-amino-cyclopentane-carboxylic acid (2 conformers), 2.4-

dimethyl-phenylalanine, 2-allyl-glycine, 2-amino-2-phenylbutyric acid, 2-amino-5-phenyl-pentanoic 

acid, 2-amino-heptanoic acid, 2-aminomethyl-phenylalanine, 2-hydroxy-phenylalanine, 2-indanyl-

glycine (2 conformers), 2-methyl-phenylalanine, 3-aminomethyl-phenylalanine, 3-amino-tyrosine, 3-

hydroxy-phenylalanine, 3-hydroxy-tyrosine, 3-methyl-phenylalanine, 4.5-dehydro-leucine, 4.5-

dehydro-lysine, 4-aminomethyl-phenylalanine, 4-carboxy-phenylalanine, 4-fluoro-proline (2 

conformers), 4-fluoro-tryptophan, 4-hydroxy-phenylglycine, 4-methyl-phenylalanine, 4-methyl-

tryptophan, 4-phenyl-phenylalanine, 4-tert-butyl-phenylalanine, 5-bromo-tryptophan, 5-chloro-

tryptophan, 5-fluoro-tryptophan, 5-hydroxy-tryptophan, 5-methyl-tryptophan, 6-bromo-tryptophan, 6-

chloro-tryptophan, 6-fluoro-tryptophan, 6-methyl-tryptophan, 7-azatryptophan, 7-bromo-tryptophan, 

7-methyl-tryptophan, 9-anthryl-alanine, allo-isoleucine, allo-threonine, α-aminoadipic acid, α-amino-

glycine, α.β-diaminoproionic acid, α.gama-diaminobutyric acid, α-methyl-3-hydroxy-tyrosine, α-

methyl-histidine, α-methyl-leucine, α-methyl-phenylalanine, α-methyl-proline, α-methyl-tryptophan, 

α-methyl-tyrosine, α-methyl-valine, β-(1-naphthyl)-alanine, β-(2-naphthyl)-alanine, β-β-dicyclohexyl-

alanine (4 conformers), β.β-diphenyl-alanine, β-cyclohexyl-alanine (2 conformers), β-cyclopentyl-
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alanine (2 conformers), β-hydroxy-norvaline, cyclohexyl-glycine (2 conformers), diphenylglycine, 

dipropyl-glycine, ethionine, 2-fluoro-leucine, 2'-fluoro-leucine, hexafluoro-leucine, homocysteine, 

homophenylalanine, homoserine, n-in-methyl-tryptophan, ornithine, penicillamine, phenylglycine, 

phenyl-serine, tert-butyl-alanine, tert-butyl-cysteine, tert-butyl-glycine, 2,2,2-trifluoro-leucine, 

2',2',2'-trifluoro-leucine, 1-methyl-histidine, 1-methyl-histidine prot, 2-amino-4-bromo-4-pentenoic 

acid, 3-methyl-histidine, 3-methyl-histidine prot, 4-amino-piperidine-4-carboxylic-acid (4 

conformers), 4-amino-tetrahydropyran-4-carboxylic acid (4 conformers), 4-amino-

tetrahydrothiopyran-4-carboxylic acid (4 conformers), amino-ethyl-cysteine, β-chloro-alanine, β-

fluoro-alanine, β-iodo-alanine, and trifluoro-alanine. 

Comparison to Knowledge-Based Rotamer Libraries 

To test the MakeRotLib protocol we compared its ability to reproduce the rotamers of the CAAs. 

Rosetta uses only the top 95% of rotamers given by the Dunbrack rotamer library for each φ/ψ bin 

during side chain optimization.  We therefore compare the percent overlap in rotamer identity 

between the top 95% of rotamers predicted by the MakeRotLib protocol and the top 95% of 

Dunbrack rotamers for each φ/ψ bin and for all amino acids except gylcine and proline. For each φ /ψ 

bin where the Dunbrack rotamer library has more than 10 observations for a particular amino acid, we 

compare the percent overlap between the identities of the rotamers bins. Additionally, for matching 

rotamer bins, we compute the root mean squared distance between side chain dihedral angles as a 

measure of the difference in angles preferences. Comparisons are discussed for each CAA below and 

shown in figure 2. 

Results 

Energy Function Modifications 

Explicit Unfolded State Energy 
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We have calculated unfolded state energies for the CAAs and the NCAAs we have added to Rosetta. 

The fragment based method of calculating unfolded energies can place the central residue in a 

position where it experiences far fewer contacts than if it were in a folded protein or at a protein 

interface. The largest effect of the low contact number is that it under estimates the attractive 

component of the energy function for larger amino acids. This gives larger amino acids a bias when 

designing because they contain more atoms. 

Energy Function Weighting 

The weights on the energy function terms have been optimized using the procedure described above 

and the final weights are shown in table1. The weights on the Lennard-Jones inter residue attractive 

term were kept fixed during the weight fitting while all others were allowed to be free. The weights 

on the shared terms remain close with the exception of the Lennard-Jones inter-residue repulsive 

energy and solvation energy.  

Energy Term Stock Weight Modified Weight 

Inter-repulsive 0.44 0.63 

Inter-attractive 0.80 0.80 

Solvation 0.65 1.16 

Pair 0.49 - 

Bb/bb HB 0.59 0.67 

Bb/sc HB 1.17 1.45 

Sc/sc HB 1.10 1.19 

Dunbrack 0.56 - 

Omega 0.50 - 

Rama 0.20 - 

Reference 1.00 - 
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Torsion - 0.27 

Intra-repulsive - 0.32 

Intra-attractive - 0.54 

Unfolded - 0.90 

Table 2.1 Weights on the stock Rosetta energy function and on the modified energy function. 

CAA Sequence and Rotamer Recovery 

Sequence and rotamer recovery benchmarks were run using the stock and modified energy functions 

as described in the methods section. Χ1 rotamer recovery for the stock energy function was 84% 

overall, 93% in the core, and 74% on the surface. Χ1 and χ2 rotamer recovery for the stock energy 

function was 64% overall, 74% in the core, and 53% on the surface. Χ1 rotamer recovery for the 

modified energy function was 75% overall, 91% in the core, and 59% on the surface. Χ1 and χ2 

rotamer recovery for the modified energy function was 53% overall, 71% in the core, and 37% on the 

surface. The overall sequence recovery was 35% for the stock energy function and 28% for the 

modified energy function. When the weight fitting protocol is run using the stock energy function 

with the reference energy term replaced with the explicit unfolded energy term the sequence recovery 

is 30%.  

Rotamer recoveries between the two energy functions are comparable and indicate that the modified 

energy function can find the low energy side chain conformations of CAAs. The difference in 

sequence recovery between the two energy functions is larger. The modified energy function is 

however at a disadvantage because of it uses of the explicit unfolded state energy term instead of the 

reference energy term. The reference energy term adds an additional 20 fit-able parameters that can 

be optimized during the weight fitting protocol. This allows for finer turning of amino acid 

preferences and higher sequence recovery.  

Rotamer Library Creation 
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Canonical Amino Acid Rotamer Library Creation 

Rosetta currently uses the 2002 update to the Dunbrack backbone-dependent rotamer library[20]. To 

test the MakeRotLib protocol we have used it to create rotamer libraries for all CAAs except glycine 

and proline, and compared them how well they overlap. We however use the notation developed by 

Lovell et al. to describe the rotamers because of its clarity and brevity[29]. 

The overall RMS side chain dihedral angle distance and percent overlap of top rotamers for all amino 

acids is shown in the table 2. 

CAA RMS Distance (degrees) Percent Overlap (%) 

low high average low high average 

ARG 5.8 11.2 7.7 57 100 87 

ASN 0.3 18.1 12.6 0 100 67 

ASP 0.5 21.6 7.9 0 83 40 

CYS 0.2 15.1 6.1 50 100 98 

GLN 11.1 18.5 15 33 100 76 

GLU 3.3 15 7.7 18 69 45 

HIS 7.9 17.1 12.1 60 100 86 

ILE 4 18.7 9.7 50 100 81 

LEU 1.7 19.9 9.4 0 100 72 

LYS 2.8 10 5.6 36 100 79 

MET 3.3 10.4 5.9 56 100 86 

PHE 0.6 17.9 4.6 33 100 50 

SER 0.3 19.4 7 50 100 97 

THR 0 27.8 7.8 0 100 91 

TRP 5.4 14.7 9 33 100 73 
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TYR 0.6 18.4 4.9 33 100 53 

VAL 1.5 21.9 8.6 50 100 88 

Table 2.2 Comparison of the top 95% of CAA rotamers predicted by the MakeRotLib protocol to the 

rotamers given by the Dunbrack rotamer library. Low, high, and average values are calculated over 

all φ / ψ bins where the Dunbrack rotamer library reports more than 10 observations. A high percent 

overlap indicates that the rotamers predicted by the MakeRotLib protocol are in agreement with the 

rotamers predicted by the Dunbrack rotamer library. A low average RMS distance indicates that the 

dihedral angles for rotamer bins that overlap are in good agreement.  

Arginine 

Arginine has 4 χ angles with 3 χ1 rotamer wells (mpt), 3 χ2 rotamer wells (mpt), 3 χ3 rotamer wells 

(mpt), and 3 χ4 rotamer wells (mpt), for a total of 81 possible rotamers. At the -110/130 φ/ψ bin, the 

top 35 rotamers capture 97% of the Dunbrack rotamers and 95% of the MakeRotLib rotamers, while 

at the  -60/40 φ/ψ bin, the top 35 rotamers capture 98% of the Dunbrack rotamers and 96% of the 

MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 77% while overlap for the -60/-40 φ/ψ bin 

is 91%. Deviations in the β-strand regions are due to the MakeRotLib protocol having a stronger 

preference for the χ1 m rotamer than the Dunbrack library. The MakeRotLib protocol favors compact 

side chain conformations with the side chain packing against the backbone. For example in the -

110/130 φ/ψ bin the top rotamer is mmt-85 which is the 17th most popular Dunbrack rotamer. 

Dunbrack favors a more extended conformation as evidenced by the top 14 rotamers having a χ2 of 

180. Low overlap probabilities occur in the regions where the Dunbrack library has low counts on the 

extreme of the β-sheet region and the 3/10-helical region. Of the overlapping rotamers, the average 

RMS angle distance is 7.7 degrees for both the -110/130 and -60/-40 φ/ψ bins. χ1-3 rotamer angles 

cluster well around -60, 60, and 180. χ4 rotamers agree with the Dunbrack rotamers and cluster close 

to -85, 180, and 85. We do not see the χ4 = 105 rotamer in the -110/130 φ/ψ bin and only once in the -

60/-40 φ/ψ bin. Others have shown however that when built with ideal bond angles there is a 

moderate clash but that in examples of that rotamer in crystal structures there are bond angle 

deviations that relieve the strain and permit the rotamer[29]. 

Asparagine 



 61 

Asparagine has 2 χ angles with 3 χ1 rotamer wells (mpt), 6 χ2 rotamer wells (centered on -120, -60, -

10, 40, 80, 140). At the -110/130 φ/ψ bin the top 9 rotamers capture 96% of the Dunbrack rotamers 

and 97% of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 10 rotamers capture 96% of 

the Dunbrack rotamers and 99% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 

56% while overlap for the -60/-40 φ/ψ bin is 80%. Asparagine is a difficult residue to match because 

of the large number of rotamers that span a full rotation about the χ2 dihedral. If we look at the 

distribution of the Dunbrack library for χ2 angles for rotamers that are seen more then 10% 

probability are we find they mostly fall near -60, -20, 20, and 60. Dunbrack uses a large number of 

rotamers to cover the spread of angles and the MakeRotLib protocol does not find rotamers with χ2 

near 0. This significantly lowers the overlap. Additionally the χ1 preferences of the MakeRotLib 

protocol differ from the Dunbrack library which also lowers the overlap. The MakeRotLib protocol 

strongly favors rotamers with a χ1 of m followed by p and then t while the Dunbrack is more evenly 

distributed. The top rotamers predicted by the MakeRotLib protocol have a higher percent overlap for 

the α-helical region than the β-strand region. Of the overlapping rotamers the average RMS angle 

distance is 12.3 for the -110/130 φ/ψ bin and 15.2 for the -60/-40 φ/ψ bin. 

Aspartic Acid 

Aspartic acid has 2 χ angles with 3 χ1 rotamer wells (mpt), 3 χ2 rotamer wells (centered on -60, 0, 

60). At the -110/130 φ/ψ bin the top 6 rotamers capture 98% of the Dunbrack rotamers and 96% of 

the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 6 rotamers capture 97% of the 

Dunbrack rotamers and 96% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 50% 

while overlap for the -60/-40 φ/ψ bin is 50%. Aspartic acid is symmetric which is not taken into 

account by the MakeRotLib protocol. Consequently the MakeRotLib protocol finds rotamers with χ1 

of -60, 60, and 180 and χ2 of -70 and -110, as well as -55 and 125 which places the side chain in the 

same position. The MakeRotLib protocol is unable to match any of the rotamers near 0 which are 
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often high probability consequently lowering the overlap. Of the overlapping rotamers the average 

RMS angle distance is 8.5 for the -110/130 φ/ψ bin and 12.3 for the -60/-40 φ/ψ bin. 

Cysteine 

Cysteine has 1 χ angle with 3 χ1 rotamer wells (mpt), for a total of 3 rotamers. At the -110/130 φ/ψ 

bin the top 2 rotamers capture 99% of the Dunbrack rotamers and 99% of the MakeRotLib rotamers, 

while at the -60/40 φ/ψ bin the top 3 rotamers capture 100% of the Dunbrack rotamers and 100% of 

the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 100% while overlap for the -60/-40 

φ/ψ bin is 100%. Overall the agreement between the MakeRotLib protocol and the Dunbrack library 

is the highest with an average percent overlap of 98% and an average RMS distance of 6.1 degrees. 

There is however a distinct ψ dependence shown in the banding pattern in figure 2. In the α-helical 

region the second most preferred rotamer shifts from t to p around the -20 and -30 ψ bins. The shift 

does not occur for the MakeRotLib protocol. Lovell et al. [29] indicate that the p is disfavored with α-

helical φ/ψ. Of the overlapping rotamers the average RMS angle distance is 5.8 for the -110/130 φ/ψ 

bin and 6.1 for the -60/-40 φ/ψ bin. χ1 rotamer angles cluster well around -60, 60, and 180.  

Glutamine 

Glutamine has 3  χ angles with 3 χ1 rotamer wells (mpt), 3 χ2 rotamer wells (mpt), 4 χ3 rotamer 

wells (-120/0, -80/-40, 0/45, 80,120). At the -110/130 φ/ψ bin the top 13 rotamers capture 95% of the 

Dunbrack rotamers and 96% of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 16 

rotamers capture 95% of the Dunbrack rotamers and 98% of the MakeRotLib rotamers. Overlap for 

the -110/130 φ/ψ bin is 69% while overlap for the -60/-40 φ/ψ bin is 75%. As with asparagine the χ3 

dihedral is seen adopting angles that span a full rotation. Dunbrack χ3 angles cluster differently 

depending on the χ2. When χ2 is m or p the χ3 angles cluster at -120, -40, 40, and 120, when the χ2 is 

t the χ3 angles cluster at -70, 0, 70, 180. MakeRotLib χ3 angles cluster differently depending on the 

χ2. When χ2 is m or p the χ3 angles cluster at -100, -60, 0, and 100, when the χ2 is t the χ3 angles 

cluster at -110, 20, 60, and 110. The MakeRotLib protocol does not find all the rotamers with a χ3 of 



 63 

0 because they are wide and have large standard deviations, this brings the overlap down. Of the 

overlapping rotamers the average RMS angle distance is 15 for the -110/130 φ/ψ bin and 16.4 for the 

-60/-40 φ/ψ bin. The standard deviations reported by the Dunbrack library are often 20 degrees or 

more indicating that the MakeRotLib protocol is finding the correct rotamer wells but that the 

minimum of well differs between the two methods. χ1-2 rotamer angles cluster well around -60, 60, 

and 180. 

Glutamic acid 

Glutamic acid has 3  χ angles with 3 χ1 rotamer wells (mpt), 3 χ2 rotamer wells (mpt), 4 χ3 rotamer 

wells (centered on -60, 0, and 60), for a total of 27 rotamers. At the -110/130 φ/ψ bin the top 12 

rotamers capture 95% of the Dunbrack rotamers and 97% of the MakeRotLib rotamers, while at the -

60/40 φ/ψ bin the top 14 rotamers capture 95% of the Dunbrack rotamers and 98% of the 

MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 58% while overlap for the -60/-40 φ/ψ bin 

is 57%. Glutamic acid is symmetric which is not taken into account by the MakeRotLib protocol. 

Consequently the MakeRotLib protocol finds rotamers with χ3 of -120 and 60, as well as 120 and 60 

which places the side chain in the same position but is not counted as matching to the Dunbrack 

rotamers artificially lowering the overlap. Of the overlapping rotamers the average RMS angle 

distance is 10.1 for the -110/130 φ/ψ bin and 6.9 for the -60/-40 φ/ψ bin. χ1-2 rotamer angles cluster 

well around -60, 60, and 180. 

Histidine 

Histidine has 2 χ angles with 3 χ1 rotamer wells (mpt), 2 χ2 rotamer wells (centered on -90, 90, and 

180), for a total of 9 rotamers. At the -110/130 φ/ψ bin the top 7 rotamers capture 100% of the 

Dunbrack rotamers and 98% of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 7 

rotamers capture 99% of the Dunbrack rotamers and 98% of the MakeRotLib rotamers. Overlap for 

the -110/130 φ/ψ bin is 86% while overlap for the -60/-40 φ/ψ bin is 86%. The m180 and t180 

rotamers are significantly populated in the Dunbrack rotamer library however the MakeRotLib 
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protocol does not find them to be rotamers. The standard deviations for the rotamer are large with the 

βmt rotamer 32.4, the βtt rotamer at 29.4, the αmt rotamer at 21.7, and the αtt rotamer at 26.6. The 

absence of these rotamers lowers the overlap. Of the overlapping rotamers the average RMS angle 

distance is 13.8 for the -110/130 φ/ψ bin and 12.6 for the -60/-40 φ/ψ bin. χ1 rotamer angles all 

cluster well around the expected -60, 60, and 180. χ2 rotamer angles all cluster well around the 

expected -65, 65. The Dunbrack library clusters closer to -80, 80 and is the reason for the overall 

RMS angle distance of 12.1 and the lowest 7.9. The imidazol ring of histidine can occupy a wide 

range of angles without large clashes as evidenced by the higher than average standard deviations of 

the Dunbrack library and the MakeRotLib protocol. 

Isoleucine 

Isoleucine has 2 χ angles with 3 χ1 rotamer wells (mpt) and 3 χ1 rotamer wells (mpt). At the -

110/130 φ/ψ bin the top 4 rotamers capture 98% of the Dunbrack rotamers and 95% of the 

MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 4 rotamers capture 98% of the Dunbrack 

rotamers and 97% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 50% while 

overlap for the -60/-40 φ/ψ bin is 50%. For the -110/130 φ/ψ bin and for the -60/-40 φ/ψ bin both 

methods favor the mm and the mt rotamers more than 80%. The overlap between top rotamers for 

both bins is 50% because of differences in the third and forth rotamers. Dunbrack prefers tt and mp, 

while the MakeRotLib protocol prefers pt and tp for β-strand bin. Dunbrack prefers tt and tp, while 

the MakeRotLib protocol prefers pt and mp for α-helical bin. For the α-helical bin the results are 

unexpected as Renfrew et al [16] have shown that in the context of a dipeptide, the distribution of 

rotamer probabilities is more even and that the preferred rotamers are tp, tt, pt, mt, and mm . Of the 

overlapping rotamers the average RMS angle distance is 8.6 for the -110/130 φ/ψ bin and 15.6 for the 

-60/-40 φ/ψ bin. χ1-2 rotamer angles cluster well around -60, 60, and 180. However the -60/-40 φ/ψ 

bin the tp is skewed to 40, 160.  

Leucine 
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Leucine has 2 χ angles with 3 χ1 rotamer wells (mpt) and  3 χ1 rotamer wells (mpt), for a total of 9 

rotamers. At the -110/130 φ/ψ bin the top 4 rotamers capture 98% of the Dunbrack rotamers and 

100% of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 3 rotamers capture 97% of the 

Dunbrack rotamers and 99% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 75% 

while overlap for the -60/-40 φ/ψ bin is 100%. Both the Dunbrack rotamer library and the 

MakeRotLib protocol favor the mt and tp rotamers in most φ/ψ bin with probabilities >90%. Major 

differences in the overlap are generally the result of different preferences in the third and/or fourth 

most favorable rotamer. Of the overlapping rotamers the average RMS angle distance is 9.5 for the -

110/130 φ/ψ bin and 11.2 for the -60/-40 φ/ψ bin. χ1-2 rotamer angles cluster well around -60, 60, 

and 180. Although the tt rotamer is often skewed, to 190, 140 by the MakeRotLib protocol. This 

skew can place the rotamer out of overlap range and therefore decrease the overall overlap. The skew 

is not consistent with the Dunbrack rotamer but is consistent with the preferred angles of Lovell et 

al.[29]. 

Lysine 

Lysine has 4 χ angles with 3 χ1 rotamer wells (mpt), 3 χ2 rotamer wells (mpt), 3 χ3 rotamer wells 

(mpt) and  3 χ4 rotamer wells (mpt) for a total of 81 rotamers. At the -110/130 φ/ψ bin the top 24 

rotamers capture 95% of the Dunbrack rotamers and 98% of the MakeRotLib rotamers, while at the 

At the -60/40 φ/ψ bin the top 26 rotamers capture 95% of the Dunbrack rotamers and 95% of the 

MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 92% while overlap for the -60/-40 φ/ψ bin 

is 85%. Low overlap probabilities occur in the regions where the Dunbrack library has low counts 

near the boundary of the 3/10-helical region. Of the overlapping rotamers the average RMS angle 

distance is 5.7 for the -110/130 φ/ψ bin and 6.5 for the -60/-40 φ/ψ bin. χ1-4 rotamer angles all cluster 

well around the expected -60, 60, and 180. 

Methionine 
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Methionine has 3 χ angles with 3 χ1 rotamer wells (mpt), 3 χ2 rotamer wells (mpt), and 3 χ3 rotamer 

wells (mpt). At the -110/130 φ/ψ bin the top 12 rotamers capture 96% of the Dunbrack rotamers and 

96% of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 11 rotamers capture 95% of the 

Dunbrack rotamers and 96% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 92% 

while overlap for the -60/-40 φ/ψ bin is 91%. Of the overlapping rotamers the average RMS angle 

distance is 5.5 for the -110/130 φ/ψ bin and 5.5 for the -60/-40 φ/ψ bin. χ1-2 rotamer angles all cluster 

well around the expected -60, 60, and 180. χ3 angles cluster around -70, 70, and 180 with the 

exception of the mmp rotamer in the α-helical φ/ψ where the χ3 is 105. This value is consistent with 

the Dunbrack library for that rotamer.  

Phenylalanine 

Phenylalanine has 2 χ angles with 3 χ1 rotamer wells (mpt), 2 χ2 rotamer wells (centered on 90 and 

0), for a total of 6 rotamers. At the -110/130 φ/ψ bin the top 4 rotamers capture 100% of the 

Dunbrack rotamers and 99% of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 4 

rotamers capture 99% of the Dunbrack rotamers and 98% of the MakeRotLib rotamers. Overlap for 

the -110/130 φ/ψ bin is 50% while overlap for the -60/-40 φ/ψ bin is 50%. As with aspartic acid, 

glutamic acid, and tyrosine, phenylalanine is symmetric which is not taken into account by the 

MakeRotLib protocol. Consequently the MakeRotLib protocol finds rotamers with χ1 of -60, 60, and 

180 and χ2 of -90 and 90 which places the side chain in the same position. The Dunbrack rotamers 

with χ2 near 0 are not scene. That rotamer well is wide as evidenced by the large standard deviations. 

Lovell et al. note that phenylalanine rotamers with a χ2 near 0 often have bond angle deviations that 

would not be captured by the MakeRotLib protocol[29]. Of the overlapping rotamers the average 

RMS angle distance is 5.6 for the -110/130 φ/ψ bin and 5.7 for the -60/-40 φ/ψ bin. 

Serine 

Serine has 1 χ angle with 3 χ1 rotamer wells (mpt). At the -110/130 φ/ψ bin the top 3 rotamers 

capture 100% of the Dunbrack rotamers and 100% of the MakeRotLib rotamers, while at the -60/40 
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φ/ψ bin the top 3 rotamers capture 100% of the Dunbrack rotamers and 100% of the MakeRotLib 

rotamers. Overlap for the -110/130 φ/ψ bin is 100% while overlap for the -60/-40 φ/ψ bin is 100%. 

For the -110/130 φ/ψ bin the Dunbrack and MakeRotLib protocol differ significantly in their 

preferred rotamers. Dunbrack orders rotamers t,m, and p at 46%, 45%, and 9% respectively. While 

MakeRotLib orders the rotamers m,p and t at 79%, 11%, and 10% respectively. For the -60/40 φ/ψ 

bin the MakeRotlib protocol only favors the m rotamer, at 98%. The Dunbrack is much more evenly 

distributed which allows for the comparison of all rotamers and is the reason for the 100% overlap. 

The narrow distribution is the result of improper ideal coordinates that place the hydroxyl hydrogen in 

a position to clash with the backbone. Of the overlapping rotamers the average RMS angle distance is 

5.5 for the -110/130 φ/ψ bin and 8.4 for the -60/-40 φ/ψ bin. 

Threonine 

Threonine has 1 χ angle with 3 χ1 rotamer wells (mpt). At the -110/130 φ/ψ bin the top 2 rotamers 

capture 98% of the Dunbrack rotamers and 100% of the MakeRotLib rotamers, while at the -60/40 

φ/ψ bin the top 2 rotamers capture 99% of the Dunbrack rotamers and 100% of the MakeRotLib 

rotamers. Overlap for the -110/130 φ/ψ bin is 100% while overlap for the -60/-40 φ/ψ bin is 100%. 

Three φ/ψ bins have zero overlap probabilities: 80/-10, 70/170, 70/-10. Both Dunbrack and the 

MakeRotLib protocol have very strongly prefer (>95%) a different rotamers and the overlap is 

therefore 0%. The bins are on the borders of the 3/10 helical region and have very low counts. As 

with serine the p rotamer is significantly populated in the α-helical φ/ψ bin. Of the overlapping 

rotamers the average RMS angle distance is 8.4 for the -110/130 φ/ψ bin and 9.4 for the -60/-40 φ/ψ 

bin. χ1 rotamer angles all cluster well around the expected -60, 60, and 180. 

Tryptophan 

Tryptophan has 2 χ angles with 3 χ1 rotamer wells (mpt), and 3 χ2 rotamer wells (centered on -120, 

0, 120). At the -110/130 φ/ψ bin the top 5 rotamers capture 99% of the Dunbrack rotamers and 98% 

of the MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 6 rotamers capture 98% of the 
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Dunbrack rotamers and 100% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 80% 

while overlap for the -60/-40 φ/ψ bin is 67%. At both α-helical and β-strand φ and ψ the MakeRotlib 

protocol does not find the m0 rotamer. The standard deviation in the Dunbrack library is given as 

23.4 degrees for -110/130 φ/ψ bin and 22.2 degrees for the -60/-40 φ/ψ bin suggesting that it is quite 

wide. The absence of this rotamer lowers the overlap in these regions. Additionally for the -60/-40 

φ/ψ bin the Dunbrack rotamer library gives the m-90 rotamer a probability of 1.6% and the rotamer 

library of Lovell et al. gives the same rotamer a 0% while it is the most favorable rotamer for the 

MakeRotLib protocol at 49%. Constructing this rotamer in the context of a dipeptide with helical φ 

and ψ shows no major clashes. However, if it is constructed in the context of a α-helix, there is a large 

clash with the neighbor side chain in the helix. Indeed the m-90 rotamer in the Dunbrack library has a 

significantly shifted angles χ1 = -90, χ2 = -120. The large RMS angle distance is 30.99 for this 

rotamer placing it out of the cutoff range and decreasing the overlap in the -60/-40 φ/ψ bin. Of the 

overlapping rotamers the average RMS angle distance is 9.9 for the -110/130 φ/ψ bin and 8.4 for the -

60/-40 φ/ψ bin. χ1 rotamer angles all cluster well around the expected -60, 60, and 180. χ2 rotamer 

angles all cluster well around the expected -90 and 90 but are missing the 0 rotamer. 

Tyrosine 

Tyrosine has 2 χ angles with 3 χ1 rotamer wells (mpt), 2 χ2 rotamer wells (centered on 90 and 0). At 

the -110/130 φ/ψ bin the top 4 rotamers capture 99% of the Dunbrack rotamers and 99% of the 

MakeRotLib rotamers, while at the -60/40 φ/ψ bin the top 4 rotamers capture 98% of the Dunbrack 

rotamers and 97% of the MakeRotLib rotamers. Overlap for the -110/130 φ/ψ bin is 50% while 

overlap for the -60/-40 φ/ψ bin is 50%. Of the overlapping rotamers the average RMS angle distance 

is 6.2 for the -110/130 φ/ψ bin and 4.9 for the -60/-40 φ/ψ bin. 

Valine 

Valine has 1 χ angles with 3 χ1 rotamer wells (mpt). At the -110/130 φ/ψ bin the top 2 rotamers 

capture 97% of the Dunbrack rotamers and 100% of the MakeRotLib rotamers, while at the -60/40 
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φ/ψ bin the top 2 rotamers capture 97% of the Dunbrack rotamers and 100% of the MakeRotLib 

rotamers. Overlap for the -110/130 φ/ψ bin is 50% while overlap for the -60/-40 φ/ψ bin is 50%. 

Looking at the over overlap performance the results are good with the MakeRotLib protocol finding 

88% of the Dunbrack rotamers. There is a distinct ψ dependence shown in the banding pattern in 

figure 2. In the β-strand region the preferred rotamer shifts from m to t between the -150 and-160 ψ 

bins. The shift occurs between the -140 and -150 ψ bins for the MakeRotLib protocol. For the -60/-40 

φ/ψ bin the Dunbrack rotamer library both strongly prefer (>90%) the t rotamer. This result was 

unexpected since we have previously shown that when using a dipeptide model system and using a 

full molecular-mechanics force field or high-level quantum mechanics to calculate the energy of a 

dipeptide free from long-range interactions that could bias the rotamer probabilities, the rotamer 

distribution for each rotamer well was approximately even for the MM and the QM [16]. Of the 

overlapping rotamers the average RMS angle distance is 10.5 for the -110/130 φ/ψ bin and 16.5 for 

the -60/-40 φ/ψ bin. χ1 rotamer angles cluster well around -60, 60, and 180. Both the MakeRotLib 

protocol and the Dunbrack rotamer library prefer the t rotamer for the α-helical region. The angle 

preferred by the MakeRotlib protocol for the t rotamer differs from the Dunbrack by 14 degrees 

which is higher than the average for all seen positions. This trend was also seen Renfrew et al. with 

the full CHARMM potential preferring a t rotamer with a value of ~190 degrees.  

The assumption of ideal bond lengths and bond angles speed up protein design calculations. If the 

same assumption is made during rotamer creation rotamers, amino acids that show slight bond angle 

deviations in certain conformations can be obscured as was seen for phenylalanine and tyrosine. The 

ideal assumption can also skew rotamer wells since the only degrees of freedom are torsions. Our 

modified energy function additionally doesn't take into account internal electrostatic interactions 

which are important for the small polar amino acids like aspartic acid and asparagine. The 

MakeRotLib protocol does not take into account increases in rotamer stability that are induced 

through interactions with neighboring side chains such as hydrogen bonding. These interactions can 
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bias rotamer libraries and are dangerous if using the probabilities to compute energies but it may also 

prevent strained rotamers (which would be compensated by other beneficial interactions) from being 

sampled because they would not be included in the database[29]. Additionally for amino acids the 

size of arginine or larger, the dipeptide model system used in the protocol allows rotamers that place 

the amino acid side chain in a position that would clash with the backbone of neighboring side chains 

if it were present. This could however lead to more accurate sampling of rotamers at protein termini 

which would most likely be under represented in a knowledge based rotamer library. Additionally it 

does not take into account symmetry in amino acid side chains which is captured by knowledge-based 

rotamer libraries using predefined bins. Symmetry is difficult to handle in a general case for all 

NCAAs one would wish to create rotamer libraries for and care must be taken to capture the 

appropriate rotamers with symmetric amino acids. The symmetry problem can be worked around by 

doubling the number of rotamers to sample both symmetric pairs but at the expense of having to 

perform essentially duplicate energy calculations during a design simulation. 

Directly comparing the results of our protocol to those of knowledge-based rotamer libraries is 

currently the best test of its performance. Our method of creating rotamers unfortunately suffers 

because it does not take into account electronic effects that have not been adequately captured by the 

molecular mechanics terms and our energy function which are captured by rotamer libraries. 

However, the knowledge-based rotamer libraries can be biased because of the long range side chain / 

side chain interactions[16]. In this study we have identified that tryptophan rotamers with α-helical φ 

and ψ, like valine and leucine rotamers, are biased because of long range effects in an α-helix. Wide 

rotamer wells are not captured well by our protocol.  

Noncanonical Amino Acid Rotamer Library Creation 

The list of NCAAs that were added to Rosetta and for which rotamer libraries have been created is 

listed in the materials and methods section. Here we present a few examples in detail.  
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2-Indanyl-Glycine 

2-indanyl-glycine is a hydrophobic amino acid that has been added to Rosetta. The residue was 

initially designed as a constrained phenylalanine with particular χ1 torsional preferences, to 

investigate the importance of certain residues in the substance P peptide and how that effects its 

binding to the tachykinin NK-1 receptor [30]. 2-indanyl-glycine exists in 2 conformers due to the 

pucker of the 5-membered ring. The structures of both conformers are shown in figure 3. The “down” 

conformer is 1.45 kcals/mol higher in energy than the “up” conformer as determined by QM when 

both structures were minimized in preparation for rotamer creation. No structures containing 2-

indanyl-glycine have been deposited in the protein databank. The amino acid has 1 χ angle about the 

Cα-Cβ bond. The 5-membered ring mimics the β-branched structure of valine and the rotamers are 

similar as shown in table3. χ1 distribution of the “down” conformation has less spread than the “up” 

because of the side chain backbone clashes that occur at rotamers other than t.  

Name Φ Ψ Probability 

(%) 

Χ1 (degrees) Std. Dev. 

(degrees) 

2IG 

"down" 

-110 130 0.9963 178.3 10 

0.0036 -76.3 7.6 

0.0001 73.7 10.7 

-60 -40 0.9990 177.8 9.6 

0.0009 -81.5 7.2 

0.0001 68.8 10.3 

2IG "up" -110 130 0.9112 -179.9 10.6 

0.0834 -69.8 8.9 

0.0054 47.3 6.5 

-60 -40 0.9577 179.1 11.6 

0.0411 -72 9.1 

0.0011 43.8 6.7 

VAL -110 130 0.9408 178 6.1 

0.0338 57.8 9.5 

0.0254 -62.5 12.7 

-60 -40 0.9181 171.9 5.2 

0.0515 68 10.1 

0.0304 -61 11.2 



 72 

Table 2.3 The rotamers of 2-indanyl-glycine predicted by the MakeRotLib protocol with the rotamer 

for valine from the Dunbrack rotamer library for β-strand and α-helical φ and ψ. 

α-Methyl-Tryptophan  

α-Methyl-tryptophan is a tryptophan derivative that has been added to Rosetta. α-methyl-tryptophan 

is taken up and retained by the brain because of it resemblance to serotonin. Labeled  α-methyl-

tryptophan is commonly used as a brain imaging tool [31]. It is identical to the canonical tryptophan 

amino acid with the addition of a methyl group replacing the Hα as seen in figure 4A. The addition of 

the methyl group restricts the rotamers that the side chain can adopt as shown table 4. The tryptophan 

χ2 rotamers near 0 are wide with large standard deviations. The addition of the methyl group in α-

methyl-tryptophan causes a clash with the χ2 = 0 rotamer and limits the rotamers that the amino acid 

can have to 6.The χ1 of α-methyl-tryptophan cluster around m, p, and t and the χ2 cluster around -90 

and 90. Additionally the methyl group also restricts the φ and ψ backbone dihedrals the residue can 

occupy, as shown in figure 4B. No structures have been deposited in the protein databank containing 

α-methyl-tryptophan.  

Name Φ Ψ Prob 

(%) 

Χ1  Χ2 Std. Dev. 

1 

Std. Dev. 

2 

Degrees 

AMT -110 130 0.5772 -70.9 -91.7 7 9.8 

0.2789 -173.9 81.4 4.3 4 

0.1065 -79 76.8 4.6 20.2 

0.0258 44.1 104 4.8 2.7 

0.0109 175.8 -91.3 6.3 5.8 

0.0007 39.1 -80.6 7.6 3.6 

-60 -40 0.5034 -66.4 -94.2 10.6 9.7 

0.3157 -68 88.1 10.3 10.2 

0.1017 177.5 87.1 8.6 7 

0.0620 179.2 -87.6 9.4 8.7 

0.0100 40.3 -77.6 8.1 5.1 

0.0073 35.9 102.8 9.1 6.6 

TRP -110 130 0.5385 -69 90.5 6.3 11.8 

0.1645 -67 3.4 9.2 23.4 
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0.1212 -69.7 -92.5 10.7 10.2 

0.0984 179.3 -100.5 15.7 11.7 

0.0660 178.9 88.2 5.3 11 

0.0091 -177.6 18 10.6 26.6 

0.0014 60.9 -89.8 9.3 8.8 

0.0008 61.5 87.7 10 10 

0.0001 66 -6.3 8.2 42.3 

-60 -40 0.2687 -179.3 85.5 7.7 8.6 

0.2511 179.7 -107.7 11.7 14.4 

0.2030 -73.6 109.2 12.1 14.5 

0.1242 -70.5 -11.5 10.4 22.2 

0.0794 68.8 -89.6 7.4 6.8 

0.0516 -173.7 16.7 11.1 36.1 

0.0162 -89.8 -119.8 14.8 22.4 

0.0054 73 91.3 17.8 12 

0.0004 67.4 -6.8 7.8 37.8 

Table 2.4 The rotamers of α-methyl-tryptophan predicted by the MakeRotLib protocol with the 

rotamer for tryptophan from the Dunbrack rotamer library for β-strand and α-helical φ and ψ. 

Homoserine 

Homoserine is a medium sized, unbranched, polar residue that has been added to Rosetta. 

Homoserine differs from the canonical serine due to the addition of a methylene group in the side 

chain, essentially making a longer serine residue. Homoserine is a precursor in the biosynthesis of 

several amino acids. It is small and flexible and could be advantageous in designing hydrogen bonds 

at protein interfaces as seen in figure 5. χ1-2 cluster around the m, p, and t rotamers. There are no 

structures in the protein databank that contain an unmodified homoserine.  

Name Φ Ψ Prob 

(%) 

Χ1 Χ2 Std. Dev. 1 Std. Dev. 2 

  (degrees) 

HSE -110 130 0.7381 -58.9 -62.8 10.9 12.8 

0.0790 -177.1 56.7 21.2 22.8 

0.0649 -176.6 176.6 23.2 26.6 

0.0621 -60.9 177.8 25.5 26.6 

0.0368 -176.9 -67.4 4.3 3.4 

0.0104 52.7 178.6 21.5 24.7 

0.0075 -68.7 69.9 20.6 20.9 

0.0010 51.4 -77.3 19.6 14.6 
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0.0001 54.3 87.6 18.4 13.9 

-60 -40 0.6652 -178.3 56.8 0.1 0.1 

0.1178 -59.1 -62.1 11.7 12.2 

0.0939 -175.7 174.7 10.2 11.1 

0.0850 -58.9 -178.4 11.1 10.8 

0.0210 -169.4 -74.3 10.9 10.2 

0.0089 -68.2 69.6 10.6 12.1 

0.0079 48.9 178.8 10.4 11.3 

0.0004 47.6 -75.5 0.1 5.9 

0.0000 52.8 88 8.9 7.5 

Table 2.5 The rotamers of homoserine predicted by the MakeRotLib protocol β-strand and α-helical φ 

and ψ. 

 Conclusions 

The ability to use NCAAs in computational protein design programs could lead to new therapeutics 

and biological tools and is a first step to general molecular design. We have developed a modified 

version of the Rosetta energy function that is comparable to the standard energy function in both 

rotamer recovery and sequence recovery and most importantly can be used to score both CAAs and 

NCAAs.  

Rotamer libraries are an essential part of protein modeling. We have also developed methods to create 

rotamer libraries that are compatible with NCAAs, and we have shown that they are able to find the 

majority of CAA side chain rotamers. Additional uses of the rotamer creation protocol could be the 

creation of context dependent rotamer libraries for situations that may be under- represented in 

protein structures and therefore difficult to model using knowledge-based potentials. Examples of 

such context dependent situations are pre/post proline positions, terminal positions, common terminal 

modifications, and rotamers that involve hydrogens [32]. The assumption that amino acid side chains 

are rotameric has been discussed in the past, with the majority of research showing they in fact 

are[18, 20, 29]. We have found that low energy conformations are seen the most frequently; the 

average cluster-member/cluster-centroid distance is low for the lowest energy rotamers, and that the 

shape indicates it would fit well to a Gaussian or modal distribution. However, some of the higher 
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energy rotamers (lower probability structures) do not fit well to a Gaussian distribution and do not 

appear to be rotameric (figure 1C).  

The modification to Rosetta presented here now allows for the design of peptides and proteins with 

NCAAs. The NCAAs added to this point have α-amino acid backbones. NCAAs do not however have 

to be simple side chain substitutions. Extensions of the tools created here could be applied to 

scaffolds other than just α-peptide backbone, such as peptoids[33] or other foldamers.  
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Figure 2.1 Rotamer library creation protocol. The steps of the MakeRotLib protocol shown for 

leucine with φ = -60 and ψ = -40. For a given φ and ψ a set of leucine  dipeptides is created with side 

chain angles initially set to all chi1 and chi2 values in 5 degree intervals (A). Each dipeptide is 

minimized keeping the φ and ψ fixed (B). Side chain dihedral values are clustered (C). The lowest 

energy set of side chain dihedrals in each cluster is used as a rotamer (D). See text for more 

description. 
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Figure 2.2 Percent overlap and RMS distance for the top 95% of rotamers between the Dunbrack 

rotamer library and the rotamer predicted by the MakeRotlib protocol. For each φ /ψ bin with more 

than 10 observations in the Dunbrack rotamer library, the percent overlap between the rotamer bins 

that comprise the top 95% of rotamer bins is calculated. For each pair of rotamer bins that overlap the 

root mean square distance in degrees is calculated. See methods for additional details on creation and 

results for details on analysis. 
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Figure 2.3 The structure of 2-indynal-glycine. The structure of 2-indynal-glycine is shown in a 

dipeptide context with φ = -150 and ψ = 150.The different pucker state of the five member ring of 2-

indynal glycine are modeled as separate amino acid type by Rosetta because of the difficulty in using 

rotamer libraries to capture coordinated movements that involved rotation about multiple dihedral 

angles. There is a 1.45 kcal/mol energy difference between the “down” conformer (left) and the “up” 

conformer (right) with the “up” conformer being lower in energy. 
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Figure 2.4 Structure of α-methyl-tryptophan.The structure of α-methyl-tryptophan is shown in a 

dipeptide context with φ = -150 and ψ = 150, images are rotated 180 degrees with respect to each 

other (top). Plots of backbone the energy landscape of α-methyl-tryptophan and tryptophan (bottm 

left) and canonical tryptophan (bottom right) as calculated by Rosetta. Calculations were done in a 

didpeptide context where the backbone φ and ψ were fixed, the side chain was repacked and 

minimized for each phi and psi bin in 5 degree intervals. Colors represent energy of the didpeptide in 

kcals/mol with red being the lowest energy and most preferred backbone conformation.  
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Figure 2.5 The structure of homoserine in a didpeptide context with φ = -150 and ψ = 150. 
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Using NCAAs in Peptide/Protein Interface Design 

Introduction 

Computational protein design is becoming an increasingly powerful tool that has enabled us to create 

new protein folds, increase the binding affinity of protein/protein interfaces, and modify or predict the 

specificity of protein/protein binding pairs [1-5].   

Computational protein design programs have traditionally only used the 20 CAAs during the design 

process. This is in part due to the difficulties of incorporating NCAAs in to proteins in vivo and the 

limitations on size during chemical synthesis [6]. Furthermore since computational protein design 

programs often make use of knowledge-based potentials which are incompatible with NCAAs 

because there is not enough structural information to derive meaningful statistics [7].  In the previous 

chapter we described methods we have developed to incorporate NCAAs into the computational 

protein design program Rosetta, developed in our lab. These changes allow us to design proteins 

using NCAAs. In this chapter we describe the use of these methods to increase the binding affinity of 

a subdomain of the calpastatin peptide for a domain of the protein calpain. 

The calcium dependant cysteine protease, calpain, is involved in many important pathways[8]. There 

are many isoforms of calpain some of which are ubiquitous and some of which are tissue specific. 

Two ubiquitous isoforms of calpain, caplain-1 and calpain-2 also know as mu-calpain and m-calpain 

respectively, are the most well studied of the various isoforms. These two isoforms of calpain 

function as a heterodimers. An 80 kD subunit comprises the first 4 domains (DI – DIV) of calpain1 or 

calpain2 and a 30 kD subunit also known as calpain4 comprises the last 2 domains (DV and DVI) and 

the other partner in the heterodimer[9]. The 80 kD subunits of the isoforms share approximately 60% 

sequence identity and are structurally similar. The heterodimer interface is between DIV and DVI. 
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DIV and DVI are structurally similar and both contain five EF-hand domains. Four of the EF-hand 

domains in each DIV and DVI bind calcium. The fifth EF-hand domains of each interact to form the 

heterodimer interface as shown in figure 1. Upon calcium binding by the EF-hand motifs in DIV and 

DVI and in DII, the heterodimer undergoes a conformational change that brings the residues that 

comprise the protease active site into alignment, activating the enzyme [10, 11]. This conformational 

change also allows calpastatin to bind, which inhibits calpain. Calpastatin is an unstructured protein 

that contains an N-terminal domain that is involved in membrane localization, known as the L 

domain. The L-domain is followed by four repeats of three subdomains: A, B, and C. Subdomains A 

and C interact as amphipathic α-helices binding to hydrophobic patches on DIV and DVI, 

respectively, of either calpain-1 or calpain-2.  Subdomain B interacts with the active site of the 

catalytic DII, forming a loop around the active site cysteine to avoid cleavage. Calpastatin is able to 

inhibit 4 calpain heterodimer complexes.  

The number of proteins targeted for proteolysis by calpain implicates it in a variety of diseases [12, 

13]. Inhibitors of calpain could be of potential therapeutic use to treat the symptoms of these diseases. 

We have computationally redesigned positions on the interface between subdomain C of calpastatin 

and DVI of calpain-1 by allowing NCAAs at the calpastatin positions. 

Materials and Methods 

Peptide/Protein Interface Design Protocol 

The program Rosetta 3.0 was used to perform the interface redesigns. The design protocol iterates 

between two phases, a backbone perturbation phase that searches through different backbone 

conformations, and a design phase that searches for low energy sequences to fit the current backbone. 

The perturbation phase has 2 parts: a backbone perturbation and a round of “rotamer trials.” First one 

of the following backbone perturbations is performed on the peptide/protein complex: a “small” 

move, where φ or ψ of a randomly chosen residue on the peptide is rotated by up to 3 degrees, a 
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“shear” move, where the φ of a random residue on the peptide is rotated up to 3 degrees and the ψ of 

the preceding residue is rotated by an equal amount in the opposite direction, a ridged-body 

translation of the peptide in the binding pocket, or a ridged-body rotation of the peptide in the binding 

pocket. Each one of these perturbations is followed by a round of rotamer trials for each residue 

whose energy increased as a result of the perturbation. Rotamer trials is a fast side chain optimization 

routine where for each residue in a set of residues, the best rotamer is chosen given the current 

context; it proceeds over the set of residues in a random order. The design phase of the protocol also 

consists of two parts: a round of the “pack rotamers” routine followed by gradient minimization. The 

pack rotamers routine is a rotamer optimization routine that tries to find the best combination of 

rotamers given a set of residues using a simulated annealing Monte Carlo/Metropolis search. The 

routine randomly chooses a single rotamer to replace (rotamers can be from different amino acid 

types than the current amino acid at the position) and determines the energy of the complex if the 

change is made. If the energy of the complex decreases the change is accepted, if the change increases 

the energy, the change is accepted based on the Metropolis criterion. Following the pack rotamers 

routine, gradient based minimization of the complex is performed. Both backbone and side chain 

dihedrals of the peptide and side chain dihedrals of the protein as well as the distance between the 

peptide and the protein are allowed as degrees of freedom. All residue side chains on the peptide were 

allowed to repack but only residues within 6 angstroms of any residue in the peptide were allowed to 

be repacked. To generate a single design we perform 50 iterations of 100 cycles of the perturbation 

phase followed by 1 cycle of the design phase. The protocol is not designed to find a new binding 

mode but to allow enough flexibility in the interface to allow the possible incorporation of NCAAs. 

All designs were created using the 2.0 angstrom resolution crystal structure of a calpain-4 domain 

DVI bound to a 19mer peptide of calpastatin comprising subdomain C of the first inhibitory repeat 

(protein databank code 1NX1). Only 11 residues of the peptide were resolved in the crystal structure 

(positions 601–611). The structure contains a homodimer of DVI in the asymmetric unit with a 

calpastatin bound to each monomer. The CA RMSD between the calpain chains is 0.28 angstroms. 
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Calpain chain A and calpastatin chain C were used for the design because the b-factors of residues at 

the calpastatin binding site were lower than in the other interface. Before designing, the entire protein 

was repacked and minimized using standard Rosetta routines.  

Allowing all NCAAs at all positions on the peptide is too computationally intensive given the current 

resources. To pick out point mutations for the initial rounds of experimental testing we did 500 

independent runs allowing all NCAAs at a single position while keeping the sequence of the other 

positions fixed for each position in the peptide. Additionally we performed 256 independent runs 

where we individually tried each NCAA at each position in the peptide. Results were evaluated based 

on the total energy of the structure and the predicted binding energy of the structure calculated as the 

difference in energy of the complex and the unbound chains.  

Purification of Calpain, Calpastatin, and Calpastatin Mutants 

Calpain was expressed as a GST-fusion protein in E. coli that had been transfected with a pet41b 

vector that contained the gene encoding porcine calpain-1.The cells were grown in Luria-Bertani 

broth with 50ug/ml kanamycin at 37 degrees Celsius to an OD600 of 0.6 at which point 1 mM 

isopropyl β-D-1-thiogalactopyranoside (IPTG) was added to induce expression. Cells were grown for 

an additional 4 hours and harvested by centrifugation. Cells were resuspended in a buffer containing 

50mM NaPO4, 150mM NaCl, 5mM BME at pH 8.0 and lysed by sonication. Lysate was centrifuged 

at 12500g for 30 minutes and the supernatant was run over a GSTrap-FF column that had been 

equilibrated with the lysis buffer. After loading, the column was washed with 10 column volumes of 

the lysis buffer before the GST-calpain was eluted with 50mM Tris and 10mM reduced glutithione, 

pH 8.0. The eluent was monitored by absorbance at 280 nm.  5 mL fractions were collected.   Those 

fractions which absorbed at 280 nm were pooled and divided in half. Thrombin was added to the first 

half to separate the calpain from the GST and the cleavage reaction was allowed to cleave overnight 

at 4 Celsius. Both halves were further purified with a Sephacryl S-200 gel filtration column using a 

buffer containing 50mM NaPO4, 50mM NaCl, 5mM BME, 1mM CaCl2, 1mM EDTA at pH 8.0. 
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Proteins were concentrated through centrifugation and found to be pure and ran true to predicted size 

on SDS-PAGE gels. 

Wild type and 4-methyl-phenylalanine mutant peptides were synthesized by the Tuffs University 

Core Facility. The sequence used was PDDAIDALSDDXT-amide, where for the wild type peptide 

the X is a phenylalanine and for the mutant it is a 4-methyl-phenylalanine. The sequence was label 

with a fluocine dye through an N-terminal β-alanine linker. 

Fluorescence Polarization Binding Assays 

Purified calpain was manually titrated in to a solution containing 500nM calpastatin with 50mM NaP, 

50mM NaCl, 5mM BME, 1mM CaCl2, 1mM EDTA at pH 8.0, till the change in fluorescence 

polarization reached a plateau. Binding assays were performed at room temperature, 3 polarization 

readings were averaged for each concentration. Disassociation constants were calculated by fitting the 

data to a single state binding model using Sigma plot software.  

Results 

Computational Positional Results 

Calpastatin binds as an amphipathic α-helix in a hydrophobic pocket between EF hands 1 and 2 of 

calpain DVI. Todd et al. identified calpastatin positions leu606 and phe610 as being the main residues 

involved in binding based on the crystal structure[9]. We have preformed design using the protocols 

described above. The results of the design runs were screened based on the predicted total energy and 

predicted change in binding energy.  At positions 601, 603, 604, 605, and 608, Rosetta was unable to 

identify any mutations that scored better than the wild type residue. The modifications made to the 

energy function tend to favor mutations to large amino acids. The average attractive forces calculated 

for each amino acid are under estimated in the fragment based approach that was used to calculate the 

explicit unfolded energy. Predictions have been screened to remove designs that are a result of this. 

The predictions were analyzed by looking at structures for each mutation that had the best total 
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energy and the best binding energy. When the same protocol is run on the wild type sequence the total 

energy of the complex is -57.9 kcals/mol and the predicted binding energy is -13.4 kcals/mol. The 

results for all positions are summarized in table 1. 

Position Amino Acid Total Energy Binding Energy

2-amino-heptanoic acid -62.3 -14.2

allo-isoleucine -59.3 -13.9

alpha-aminoadipic acid -59.9 -13.2

fluoro-alanine -58.2 -13.5

trifluoro-alanine -58.4 -13.5

norvaline -60.2 -13.9

homophenylalanine -59.4 -15.9

fluoro-leucine -60.6 -13.6

trifluoro-leucine -59.7 -13.8

amino-butyiric acid -61.9 -15.1

2-allyl-glycine -62.0 -14.4

beta-chloro-alanine -61.0 -15.2

fluoro-alanine -60.8 -14.9

trifluoro-alanine -61.4 -14.7

1-methyl-histidine -61.8 -15.2

homoserine -59.5 -14.2

610 4-methyl-phenylalanine -60.0 -14.2

3-methyl-histidine -61.3 -14.9

4-hydroxy-phenylglycine -59.6 -14.7

602

606

607

609

611
 

Table 3.6 Summary of the Rosetta predictions for the redesign of the calpain/calpastatin interface that 

could improve the binding affinity. 

Position 602 

The wild type alanine packs against Leu106, Leu102, and the hydrophobic moiety of Gln105 (figure 

2A). Fluoro-alanine and trifluoro-alanine (figure2E and 2F) are both able to fit in the space occupied 

by the alanine and have comparable energies to the wild type design. It has previously been shown 

that single mutations of hydrophobic residue to a fluorinated analog have been shown to stabilize 

proteins[14]. The rotamers of the surrounding residues are not disturbed by either mutation. Allo-

isoleucine and norvaline (figure 2C and 2G) are able to interact with the same residue as the wild type 

alanine but interact with more hydrophobic surface area. The overall structure of the calpastatin helix 
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is slightly perturbed as a result of the mutation and the N-terminal end of the peptide moves out of the 

binding pocket by approximately 1 angstrom to accommodate the slightly larger side chains. The CB2 

of the allo-isoleucine is in the same place as the CB of the alanine. 2-amino-heptanoic acid and α-

aminoadipic acid (figure 2B and 2D) are also predicted to increase the binding affinity if placed in 

this position. The additional length of these residues allows them to interact with more of the 

hydrophobic surface area.  Furthermore, α-aminoadipic acid can additionally form a weak salt bridge 

with Lys124, further stabilizing the interaction. 

Position 606 

The leucine at position 606 is one of the primary residues involved in binding[9]. It is buried in a 

large hydrophobic pocket that forms upon calcium binding and interacts with Leu102, Leu106, 

Ile121, and Trp166 (figure 3A). The leucine residue is unable to fill the entire pocket; however, 

mutation of this residue to a homophenylalanine is able to occupy more of the space in the cavity 

(figure 3B). The epsilon carbons of the homophenylalanine are placed in the same position on the 

leucine CD1 and CD2 leaving the rest of the side chain to penetrate deeper in to the pocket. The 

pocket is also able to accommodate fluoro-leucine and trifluoro-leucine (figure 3B and 3C). The 

larger fluorine atoms allow this modified leucine to occupy more of the pocket. Rosetta considers the 

mutations more favorable than the wild type leucine.  

Position 607 

The wild type serine forms a weak hydrogen bond with His129 (figure 4A). Rosetta predicts that 

small hydrophobic amino acids placed in the hydrophobic pocket made by residues Val125, Ile603, 

and Arg128 will increase the binding affinity.  Amino butyric acid and β-chloro-alanine (figure 4B 

and 4C) are predicted to increase the binding affinity by approximately 2 kcals/mol while 2-allyl-

glycine, fluoro-alanine, and trifluoro-alanine (figure 4D-F) by approximately 1 kcal/mol. None of 

these mutations affect the position of the peptide in the binding pocket. 
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Position 609 

The wild type aspartic acid makes a hydrogen bond with Trp166, one of three hydrogen bonds 

between the peptide and the protein (figure 5A). The residues preferred by Rosetta both keep this 

hydrogen bond intact. 1-Methyl-histidine (figure 5B) forms an ideal hydrogen bond with Trp166. The 

hydrogen to acceptor distance is 1.9 angstroms. The aliphatic part of the methyl-histidine packs 

against phe99, leu102, lys170, and ala605. Homoserine (figure 5C) is also able to make the hydrogen 

bond to trp166. The hydrogen to acceptor distance is 2.1 angstroms. The difference in functional 

groups between the asp and the homoserine allows the homoserine to form more ideal geometry.  

Position 610 

The wild type phenylalanine is buried in a large hydrophobic pocket and along with Leu606 forms the 

main hydrophobic interface. The phenylalanine interacts with Trp166, His129, Leu132, Val125, 

Ile169, Phe224, and the hydrophobic portion of Gln173 (figure 6A). The crystal structure shows that 

the pocket is not entirely filled by the phenylalanine. Rosetta predicts that a 4-methyl-phenylalanine 

(figure 6B) can fill more of the cavity and creates more hydrophobic contacts without disrupting the 

overall binding, and would therefore have an increased binding affinity. This design has been tested 

and shown to increase the binding affinity (discussed bellow). 

Position 611 

The backbone of the wild type threonine makes hydrogen bonds to the side chain of gln173 while the 

hydroxyl group of the side chain is solvent exposed (figure 7A). Rosetta predicts that 3-Methyl-

histidine (figure 7B) is able to pack its hydrophobic side in to the hydrophobic part of the Lys177 side 

chain and Ala174 while the nitrogen is solvent exposed. Additionally 4-hydroxy-phenylglycine 

(figure 7C) is able to pack against Lys177 and Ala174. It does expose one face of the phenyl ring to 

solvent which could affect the solubility of the peptide. 

Fluorescence Polarization Binding Assays 
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Fluorescence polarization binding assays were conducted using the wild type peptide and a designed 

peptide where phe610 was mutated to a 4-methyl-phenylalanine. Assays were conducted as described 

as above using the two peptides with calpain and a GST-calpain fusion protein. The disassociation 

constant for the wild type calpastatin peptide with the cleaved-calpain and GST-calpain is 1.60μM 

and 1.50μM respectively. The disassociation constant for the 4-methyl-phenylalanine mutant 

calpastatin peptide with the cleaved-calpain and GST-calpain is 0.73μM and 0.81μM respectively 

(figure 9). There is excellent agreement between the data and the fit with all correlation coefficient 

above 0.98.  

Conclusions 

We have shown that the use of NCAAs in computational protein design is a potentially powerful that 

can be used to increase the binding affinity of a peptide-protein complex. The addition of only 3 

additional atoms to a key residue in the binding interface is enough to lower the disassociation 

constant almost two fold. The design of inhibitors of calpain is an area of active research and the 

design of inhibitors that bind to area other than the active site is thought to increase the specificity of 

the inhibitors for calpain[12]. The small molecule inhibitor 3-(4-iodophenyl)-2-mercapto-(Z)-2-

propenoic acid (also known as PD150606) discovered by Wang et al. [15] binds to calpain in the 

same hydrophobic pocket as position 610 and resembles the 4-methyl-phenylalanine predicted by 

Rosetta[9] and found to lower the disassociation constant. The structure of the inhibitor bound to the 

calpain has been solved (protein databank code 1NX3) and is shown superimposed with our design in 

figure 8. The high degree of structural similarity between the inhibitor and 4-methyl-phenylalanine 

and the similarity between the predicted binding mode and the structure of the bound inhibitor gives 

us confidence that our peptide is binding in a similar fashion [9, 15]. It is clear that additional 

experimental screening needs to be done as well as testing in additional model systems, but we are 

encouraged by the results we have gotten to this point.  
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Figure 3.1 The structure of calpain and calpastatin. A) the calpain-1 DI-DVI (green) with calpain-4 

DVI (cyan) with a calpastatin subdomains A,B, and C (magenta). Dashed lines are where there was 

no density in the crystal structure for calpastatin. B) Close up view of the interaction between 

subdomain C of calpastatin and DVI of calpain-4 (colors as in A).  
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Figure 3.2 Rosetta predictions for calpastatin position 602, colors as in figure 1 with 602 in 

yellow.Wild type alanine (A), 2-amino-heptanoic acid (B), allo-isoleucine (C), α-aminoadipic acid 

(D),  fluoro-alanine (E), trifluoro-alanine (F), and norvaline (G).  
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Figure 3.3 Rosetta predictions for calpastatin position 606, colors as in figure 1 with 606 in yellow. 

Wild type leucine (A), homophenylalanine (B), trifluoro-leucine (C), and fluoro-leucine (D). 
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Figure 3.4 Rosetta predictions for calpastatin position 607, colors as in figure 1 with 607 in yellow. 

Wild type serine (A), 2-allyl-glycine (B), amino-butyeiric acid (C), β-chloro-alanine (D), fluoro-

alanine (E), and trifluoro-alanine (F). 
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Figure 3.5 Rosetta predictions for calpastatin position 609, colors as in figure 1 with 609 in yellow. 

Wild type aspartic acid (A), 1-methyl-histidine (B), and homoserine (C). 
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Figure 3.6 Rosetta predictions for calpastatin position 610, colors as in figure 1 with 610 in yellow. 

Wild type phenylalanine (A), and 4-methyl-phenyl-alanine (B). 
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Figure 3.7 Rosetta predictions for calpastatin position 611, colors as in figure 1 with 611 in yellow. 

Wild type threoninie (A), 3-methyl-histidine (B), and 4-hydroxy-phenylglycine (C). 
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Figure 3.8 Comparison of the PD150560 inhibitor and the designed mutant. The structure of 4-

methyl-phenylalanine closely resembles that of the inhibitor (A). The orientation of the PD150560 is 

identical to the predicted binding mode of the 4-methyl-phenylalanine (B).  
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Figure 3.9 Calpain/calpastatin fluorescence polarization binging assays. Binding curves for calpain 

with wild type calpastatin (black, ), GST-calpain fusion with wild type calpastatin (red), calpain with 

4MF-calpastatin design (green), and GST-calpain with 4MF-calpastatin (blue). Inset shows detail for 

calpan concentrations between 0 and 4 μM. 4-methylphenylalnine mutants bind almost twofold 

tighter than wild type.  
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Using Noncanonical Amino Acids to Computationally Redesign an HIV Entry Inhibitor 

Introduction 

According to the Joint United Nations Programme on HIV/AIDS 2008 Report on the Global AIDS 

Epidemic (http://www.unaids.org), 25 million people have died of AIDS related causes throughout 

the course of the global epidemic. In 2007 there were approximately 33 million people living with 

AIDS/HIV, 2.7 million people became infected, and 2 million people died of AIDS related causes. In 

the part of the world most affected by the epidemic, sub-Saharan Africa, upwards of 5% of the 

population of several nations is infected and death rates due to AIDS have lowered the national life 

expectancy. Globally, the number of people infected each year is decreasing; however, new anti-

retroviral therapeutics are still needed for prevention and treatment.  New therapeutics are being 

developed that are designed to interfere with the mechanism by which the viral membrane and the 

host cellular membrane come to fuse together causing the virus to infect the cell[1]. Therapeutics that 

target this process are known as HIV entry or integration inhibitors. 

The Kay group at the University of Utah designs HIV integration inhibitors constructed of the D-

enantiomers of amino acids[2]. We have been collaborating with the Kay lab to redesign their D-

peptide inhibitors to incorporate NCAAs and increase the binding affinity of the peptide for its target.  

The HIV Env gene encodes an envelope glycoprotein called gp160. This protein is cleaved into gp120 

and gp41 which are non-covalently bound to each other on the surface of the virus. Gp41 contains 

three main regions: a transmembrane region, shown to penetrate the host cell membrane, and two 

helical regions which, when expressed separately, are called the N and C peptide regions. It has been 

shown that expressed by themselves, the N and C peptides form a hexamer with three N peptides 

making a three-helix coiled-coil while the three C peptides bind anti-paralell in the grooves formed by 
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the coiled-coil[3]. Eckert and Kim reviewed the model of the integration process[4]  described below 

and shown in figure 1. The process of infection begins when gp120 binds to the CD4 receptor on the 

surface of a host cell. The binding event triggers conformational changes in gp120 that allow it to 

additionally bind a coreceptor in the chemokine family. The conformational changes in gp120 induce 

conformational changes in gp41 that cause it to become extended.  The transmembrane region of 

gp41 becomes buried in the host cell membrane. The regions that make up the N and C peptides are 

exposed; three N peptide regions form an exposed N trimer, and gp41 is acts like a bridge between 

the virus and host cell membranes. This complex of three gp41 molecules and three gp120 molecules 

is long lived (on the order of minutes) and is called the prehairpin complex. Eventually, gp41 

undergoes a conformational change that brings the N and C peptides together in to a structure similar 

to the structure of the hexamer where the N and C peptide regions form a trimer of hairpins. This 

change brings the two membranes in close proximity and the virus membrane fuses with the 

membrane of the host cell. 

The pocket where the C peptides bind to the N peptides is highly conserved[3]. Integration can be 

inhibited by finding molecules that target the N peptide region of gp41 in the prehairpin complex and 

prevent the formation of the hairpin structure from forming and the subsequent membrane fusion [4]. 

Inhibitors have taken the form of minimized C peptides, helical mimics, antibodies, and small 

molecules [1, 2].  

Recently, the Kay group designed HIV integration inhibitors that target  the N peptide region of gp41 

using an 8mer peptide constructed of the D-enantiomers of amino acids[2]. The peptide was designed 

using mirror-image phage display. Mirror-image phage display works by starting with a target protein 

synthesized using the D-enantiomers of the amino acids. L-peptides are displayed on the phage and 

evolved to bind the D target. Through symmetry, the D-enantiomers of the evolved L-peptides will 

also bind to the L-enantiomer of the D-target[5]. Welch et al. used the D-enantiomer of 1QN17, a 

three-helix coiled-coil that mimics the N trimer region in the prehaipin complex of gp41, as a target 
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[6]. Three molecules of the inhibitor bind to conserved hydrophobic patches located at the interface 

between each pair of N peptide region. These patches are occupied by the C peptide region in the 

hairpin complex. The best published inhibitor, called PIE7, has an IC50 of 620 nM and a Kd of 80nM 

and a construct of three PIE7 peptides linked by poly-ethylene-glycol linkers has an IC50 of 250pM 

and a Kd of 70pM  against  a target that mimics the HXB2 strain of HIV. D-peptides are 

advantageous to use as potential therapeutics primarily because they are resistant to proteolysis[7]. 

Fuzeon (also known as T-20 or enfuvirtide) is the only FDA approved integration inhibitor [2, 6]. It is 

a 36 residue C peptide that binds to the N peptide region of the prehairpin complex. Patients must 

receive injections of 90 mg of fuzeon twice a day because the plasma elimination half-life is 3.8 hours 

as a result of proteolytic degradation[8].  

The modified mirror-image phage display technique used by Welch et al. is only able to use the D-

enantiomers of the 20 CAAs[2]. We have been collaborating with the Kay group to determine if using 

NCAAs in the design of their integration inhibitors can improve the binding affinity and create better 

therapeutics. As we have shown in the previous chapters, the use of NCAA side chains increases the 

number of possible sequences and in turn the number of conformations available during a design 

simulation. The peptide therapeutics will ultimately be created using solid state synthesis, which is 

compatible with NCAAs, but the diversity of sequences is currently limited to the 20 CAAs because 

of the constraints imposed by their design process. 

Materials and Methods 

Input Structure 

The designs were based on unpublished structures of a new D-peptide inhibitor called PIE12. The 2 

cysteine residues in the inhibitors form a disulfide bond that cyclizes the small peptides. The 

sequence of the peptides is the same between these cysteine residues, but the residues on either side 

of the cysteines have been optimized to increase the binding affinity (PIE7 sequence ACE-
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KGACDYPEWQWLCAA-NH2, PIE12 sequence ACE-HPCDYPEWQWLCELGK-NH2). The N-

terminal lysine and glycine linker, added to increase the solubility in PIE7, has been moved to the C-

terminus, and the sequence length has increased by one residue to have two flanking residues outside 

of the cysteines. The Kay group solved the crystal structure of PIE12 in complex with IQN17, and a 

comparison of the PIE7 structure with the PIE12 structure is shown in figure 2.  Three different 

crystal forms were obtained, and although the structures are very similar, there are slight differences 

between them giving us several views of the structure. The first crystal form, called G63, crystallized 

in space group P2(1) with a resolution of 1.55 angstroms contains three IQN17 molecules and three 

PIE12 molecules in the asymmetric unit. The second crystal form, called D32, crystallized in space 

group R3 with a resolution of 1.45 angstroms contains one molecule of IQN17 and one molecule of 

PIE12 in the asymmetric unit. The third crystal form, called F81, crystallized in space group P321 

with a resolution of 1.45 angstroms contains one molecule of IQN17 and one molecule of PIE12 in 

the asymmetric unit.  

The PIE7 and PIE12 structures are similar to the three IQN17 molecules in PIE 12 (G63) and PIE7 

(pdb code 2R5D) have CA RMSD of 0.373 angstroms and residues between the cysteines in PIE12 

(G63, chain H) and PIE7 (2R5D, chain H) have a CA RMSD of 0.181 angstroms. Differences do 

occur in the positions of the residues outside the cysteines. In PIE12, His3 packs against Pro4 while 

making a hydrogen bond to the backbone of Cys5, thus stabilizing the N-terminal region. 

Additionally, the additional Gly2 residue positions the backbone of the N-terminal Lys1 to form a 

hydrogen bond with Gln39 on IQN17 that is not possible in the PIE7 structure. On the C-terminal 

end, Leu16 is able to fill more of the hydrophobic patch formed by Val34 and Leu29 on IQN17 and 

Trp12 and Leu13 on the peptide, than the Ala15 in the same position in PIE7. 

The D32 and F81 structures contain only one copy of IQN17 and the PIE12 peptide The biologically 

active complex was created by applying the appropriate symmetry operations in the program 
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Pymol[9]. The G63, D32, and F81 structures were then repacked and minimized using standard 

Rosetta routines.   

Computational Design Protocol 

The protocol used to redesign the interface of the HIV integration inhibitors is the same two phase 

protocol used to redesign the calpastatin/calpain interface in the previous chapter. Briefly, the 

protocol iterates between two phases: a backbone perturbation phase and a design and minimization 

phase. The perturbation phase either perturbs the backbone dihedral angles of the peptide or the 

orientation of the peptide in the binding pocket followed by a fast side chain packing routine. The 

design phase repacks the entire interface using a more rigorous packing routine and, in the process, 

can allow the sequence of positions on the peptide to change, followed by gradient based 

minimization. 

PIE12 designs were initially done on the D-peptide chain H of the G63 structure. Allowing the D-

enantiomers of all NCAAs at all positions in the peptide is not feasible given current computer 

resources. For each position in the peptide, 256 independent runs were carried out that allowed the 

position to mutate to any of the NCAAs. Gly2, being achiral, has backbone φ and ψ dihedral angles 

that are in the β sheet region of the Ramachandran plot for L-amino acids. The L-enantiomers of all 

the NCAAs were also tried at this position. The results of these design runs were screened based on 

the predicted total energy and predicted change in binding energy. Designs that were predicted to 

increase the binding affinity were additionally tested in the other chains of the G63 structure and on 

one of the chains in the D32 and F81 structures.  

Results 

The gp41/PIE12 interface is the most recent iteration of research conducted over the past decade to 

find a D-peptide integration inhibitor [2, 6]. The sequence is highly optimized and binds 

approximately 20 fold tighter than PIE7. Only two residue positions, Trp12 and Leu16, were found to 
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be amenable to mutation to NCAAs.  At these two positions, Rosetta predicted that the binding 

affinity would increase upon mutation to a NCAA. Efforts have focused on increasing buried 

hydrophobic surface area of the interface.  

Position Amino Acid 
Structure 

(Chain) 

Total 

Energy 

Δ Total 

Energy 

Binding 

Energy 

Δ Binding 

Energy 

- WT 

D32 -114.6 - -10.8 - 

F81 -148.9 - -12.1 - 

G63(H) -136.6 - -11.5 - 

G63(K) -137.1 - -11.9 - 

G63(L) -134.9 - -13.7 - 

12 

4-methyl-tryptophan 

D32 -116.2 -1.6 -11.9 -1.2 

F81 -149.4 -0.5 -13.7 -1.7 

G63(H) -138.2 -1.6 -12.1 -0.6 

G63(K) -137.1 0.0 -12.7 -0.8 

G63(L) -137.8 -2.9 -14.3 -0.6 

5-methyl-tryptophan 

D32 -116.2 -1.7 -11.8 -1.0 

F81 -147.5 1.4 -14.3 -2.2 

G63(H) -139.0 -2.4 -12.6 -1.0 

G63(K) -135.7 1.4 -12.1 -0.2 

G63(L) -138.4 -3.5 -15.0 -1.3 

α-methyl-tryptophan 

D32 -116.6 -2.0 -11.3 -0.5 

F81 -150.2 -1.3 -13.5 -1.4 

G63(H) -140.9 -4.3 -12.0 -0.4 

G63(K) -139.6 -2.5 -9.0 2.9 

G63(L) -137.5 -2.6 -13.8 -0.1 

16 

2-amino-5-phenyl-

propanoic acid 

D32 -115.1 -0.5 -12.0 -1.2 

F81 -149.4 -0.5 -14.1 -2.0 

G63(H) -138.3 -1.7 -12.4 -0.9 

G63(K) -137.0 0.1 -12.4 -0.5 

G63(L) -137.6 -2.6 -14.8 -1.1 

homoleucine 

D32 -114.6 0.0 -11.1 -0.3 

F81 -148.7 0.2 -13.7 -1.7 

G63(H) -137.9 -1.4 -12.8 -1.3 

G63(K) -137.1 0.0 -12.4 -0.5 

G63(L) -137.0 -2.0 -14.7 -1.0 

Table 4.7 Summary of Rosetta predictions of point mutations to the GP41/PIE12 interface. Energies 

are in kcal/mol. Changes in energy are relative to the energy of the wild type chain of the same 

structure and chain. 

Position 12 
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The wild type residue at position 12 is a tryptophan. Trp12 was one of the residues found by Eckert et 

al. to be important for binding in their original D-peptide design on which PIE7 and PIE12 are based 

[6]. Both Trp10 and Trp12 penetrate into a deep hydrophobic pocket formed at the interface between 

two IQN17 chains. On the protein, Trp12 packs against Val34, Lys38, and Ile37 and forms hydrogen 

bonds with Gln41 (figure 3A). On the peptide, Trp12 packs against Leu13, Trp10, and Leu16 and 

forms backbone hydrogen bonds with Leu16. Rosetta predicts three mutations at this position that 

may increase the binding affinity of the peptide for the protein: 4-methyl-tryptophan (4MTRP, figure 

3B), 5-methyl-tryptophan (5MTRP, figure 3C), and α-methyl-tryptophan (AMTRP, figure 3D). There 

are no major changes to the structure of the complex upon mutation. 4MTRP and 5MTRP are 

tryptophan analogs that have an additional methyl group at the 4 position and 5 position, respectfully, 

on the six member indole ring. The additional methyl causes the 4MTRP to rotate about the chi1 

angle by ~15 degrees. The rotation buries more of the six membered indol ring. The rotation also 

forms a hydrogen bond with Glu9 on the peptide. The hydrogen bonds between Trp12 and Gln41 on 

the protein and between Glu9 on the peptide (figure 3A) are not seen in all of the structures. The 

5MTRP mutation functions similarly to the 4MTRP mutation, but the rotation is increased to ~25 

degrees from the wild type Trp12 chi1 angle. To keep the hydrogen bond to Glu9 intact, the ψ of 

position 10 is modified allowing Glu9 to adjust to the 5MTRP position. The chi1 M rotamer of Trp, 

4MTRP, and 5MTRP is the least favorable rotamer given the backbone φ and ψ for this position; 

however, the chi1 angle of 4MTRP and 5MTRP are within 1 standard deviation of the predicted 

mean. 4MTRP and 5MTRP are predicted to increase the binding affinity of the peptide for the protein 

by approximately 1 kcal/mol. The third mutation at position 12 is AMTRP. AMTRP is predicted to 

only increase the bind affinity of the peptide for the protein by approximately 0.5 kcal/mol. AMTRP 

is a tryptophan analog with the addition of a methyl group at the CA. This methyl group dramatically 

affects the accessible phi/ψ region that the residue can occupy (see chapter 2, figure 4). The φ and ψ 

angles of position 12 fall within the acceptable range for α-methylated amino acids. The restriction of 

dihedral space could pre-order the structure of this region of the peptide which could increase the 
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binding affinity of the peptide for the protein. This entropic advantage is captured to an extent in the 

fragment based explicit unfolded state energy discussed in chapter 2 and is the reason for the 

approximately 2.5 kcal/mol decrease in total energy for this mutation from the wild type sequence. 

Position 16 

The wild type residue at position 16 is a leucine. This leucine packs into a hydrophobic pocket against 

Val34, Leu29 and Leu32 on IQN17 and Leu13 and Trp12 of the peptide and additionally makes a 

backbone/backbone hydrogen bond to Leu13 on the peptide (figure 4A). Rosetta predicts two 

mutations at this position that will increase the binding affinity of the peptide for the protein: 2-

amino-5-phenyl-propanoic acid (2A5PP, figure 4B) and homoleucine (HLU, figure 4B). 2A5PP is a 

long, hydrophobic residue that buries more hydrophobic surface area than the wild type leucine, and 

Rosetta predicts it to increase the binding affinity by approximately 1.1 kcal/mol. The mutation does 

not change the position in the binding pocket, and the CA, CB, and CG of 2A5PP are super 

imposable with the wild type leucine residue. The CD of 2A5PP superimposes with the CD2 of the 

Leu, and the phenyl group is positioned over top of Val34 and against the hydrophobic part of the 

Lys38 side chain. Similarly to 2A5PP, HLU superimposes on the side chain of the Leu to the CD2. 

The CE1 and CE2 of the HLU pack against Val34 and Leu29. Rosetta predicts that the mutation 

would increase the binding affinity by approximately 0.9 kcal/mol.  

Conclusions 

Our collaboration with the Kay lab is ongoing, and they are in the process of making and testing the 

above designs to see if they are able to increase binding affinity. None of the mutations is predicted to 

dramatically alter the structure of the peptide. While he proposed mutations are not predicted to 

dramatically lower the binding affinity,  based on  results of Weltch et al., small increases in binding 

affinity of the monomer translate into larger increases as a result of the avidity[2]. 
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Figure 4.1 Proposed model of HIV virus fusion. Gp120 binds to CD4 receptor and a chemokine 

coreceptor. The binding cause a conformational change in gp120 which induced a conformational 

change in gp41 forming the prehairpin intermediate. The N-trimer region of gp41 is exposed and able 

to be target by inhibitors. Gp120 is present but not shown in the prehairpin intermediate. The 

prehairpin intermediate eventually forms a trimer of hairpins bringing the membrane together. Figure 

taken from Welch et al. [2]. 
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Figure 4.2 Comparison of PIE12 chain H from G63 (cyan) and PIE7 chain H from pdb code 2R5D[2]. 

Residues in IQN17 superimpose well with a Cα RMSD of 0.37 angstroms. Residues between the 

cysteines are the same sequence and also superimpose well with a Cα RMSD of 0.18 angstroms. 

Residues outside of the cysteines have been optimized for binding. 
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Figure 4.3 Comparison of Rosetta predicted design at peptide position 12. Wild type tryptophan (A), 

4-methyl-tryptophan (B), 5-methyl-tryptophan (C), and 2-amino-5-phenyl-propanoic acid (D). 

Structure is of the G63 structure with the D-peptide chain H in yellow, chain A of IQN17 in green, 

chain C of IQN17 in magenta, and position 12 in orange. Position 12 and residues within 5 angstroms 

of position 12 shown as sticks, other residues shown as lines. Hydrogen bonds are shown as dashed 

black lines.  
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Figure 4.4 Comparison of Rosetta predicted design at peptide position 16. Wild type leucine (A), 2-

amino-5-phenyl-propanoic acid (B), and homoleucine (C). Structure is of the G63 structure with the 

D-peptide chain H in yellow, chain A of IQN17 in green, chain C of IQN17 in magenta, and position 

16 in orange. Position 16 and residues within 5 angstroms of position 16 shown as sticks, other 

residues shown as lines. 
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