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 Proteins are biological macromolecules that are involved in a wide range of 

cellular processes. The diverse functions of proteins are closely related to their dynamics 

and structures. Structures are frequently coded in a complex manner in the amino acid 

sequences. In this dissertation I discuss the dynamics of a special class of proteins 

through studies of their sequences and structures. These proteins are “switches,” which 

are made of highly similar sequences that fold to dramatically different structures. The 

existence of protein switches provides a great challenge to structure prediction algorithms 

as well as to our understanding of the process of protein structure evolution.  

 To identify protein switches, we developed methods that assign switch sequences 

to structures with high accuracy. One method uses short MD simulations to enrich 

structural ensembles of protein switches in the neighborhood of their initial 

conformations for scoring by contact maps. The other method uses evolutionary profiles 

and contact maps of the wild-type proteins. Both methods were first tested against a 

series of experimentally engineered proteins in a switching system and then applied to 

examine a large number of computationally sampled protein switches for a particular pair 

of structures in sequence space. From the sampled switch sequences we found that 

making a point mutation near the N- and C-termini of the sequences is more likely to 

make the proteins switch between structures.  
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 To study the conformational change of a protein switch with a fixed sequence 

between two metastable states in conformational space, we proposed a new algorithm, 

named “Chain Growth”, to calculate reaction pathways. Unlike commonly used methods 

that require an initial guess of a path and minimize the energy of the path by local 

quenching, our method propagates the path in small segments and optimizes the whole 

path globally. These features avoid the problems of generating very distorted initial 

structures that other methods frequently encounter and allow more efficient minimization 

of the path. We provided computational examples of using Chain Growth to calculate the 

minimum energy path on the Müller potential energy surface as well as to the studies of 

conformational changes of alanine dipeptide and folding of tryptophan zipper. 
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Chapter 1:  Introduction 

From Anfinsen’s refolding experiment on fully denatured ribonuclease[1, 2], it is 

understood that there are many examples in which information necessary to determine the 

three-dimensional structure of a protein in a given environment resides in its amino acid 

sequence. Hence, free energy gained from specific interactions between the atoms in the 

sequence and the surroundings is the driving force of folding to the native conformation. 

Thanks to advances in DNA sequencing techniques and in methods to determine protein 

structures, sequence and structure data increase rapidly. Valuable information to study 

relationships between protein sequences and structures in silico is obtained. Numerous 

algorithms have been developed to predict the three-dimensional structures of proteins 

from amino acid sequences as well as to investigate the dynamics of folding processes.  

Among the computational methods developed for protein structure prediction, 

homology (or comparative) modeling[3] is the most widely used approach. Homology 

modeling builds three-dimensional models from amino acid sequences of proteins of 

interest using experimentally determined protein structures that have similar amino acid 

sequences to the targets. The rationale behind this method is based on the observation 

that proteins with similar sequences adopt similar structures.[4] Sander and Schneider’s 

studies bound on structural similarity for pairwise sequence alignment of over 80 

residues. If the alignment includes more than 24.8% identical amino acids, the proteins 

are considered to have similar structures.[5] We call this test “structural homology 

threshold.” 

However, not all proteins abide the Sander and Schneider’s sequence identity 

threshold of homology. In 1994, to encourage research on assessing the minimum 

number of amino acid required to specify a protein conformation over another, Rose and 
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Creamer established the Paracelsus Challenge, a competition of transforming the stable 

three-dimensional structure of a globular protein into another stable conformation by 

changing no more than 50% of the sequence.[6] The challenge was first met by Dalal et 

al., who designed a 63 residues long, 4α-helical protein named Janus, which is 50% 

identical in sequence to a 56 residues long, 4β+α protein, the GB domain of Streptococcal 

protein G.[7] According to the structural homology threshold, the two proteins, with 56 

aligned residues, would have had similar structures as their sequence identity exceeds 

30.6%.[5] 

The success in designing Janus is not a singular event. Several other designed 

proteins in succession[8-10] also displayed structural conversion while bearing sequence 

identity higher than a structural homology threshold. These proteins, which are made of 

highly similar sequences yet adopt dramatically different three-dimensional structures, 

are called “protein switches” or “fold switches.” Fold switches offer a great challenge to 

structure prediction algorithms as well as to our understanding of the process in which 

protein structures evolve. Accordingly, the goal of my dissertation project is three fold: 

(1) To develop a structure prediction algorithm for fold switches 

(2) To assess an evolutionary model of protein structures 

(3) To study reaction pathways for conformational transitions of proteins 

The following sections will elaborate on these topics.  

1.1 STRUCTURE PREDICTION OF PROTEIN SWITCHES 

Endeavor to design fold switches inspired by the Paracelsus Challenge has 

provided several instances where the structural homology threshold does not hold. A 

striking example is the engineered globular proteins that “switch” between a 3α-helical 

fold and a 4β+α fold with merely one amino acid substitution.[11, 12] The proteins are 
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designed mutants of the GA and GB domains of Streptococcal protein G, each of which is 

56 residues in length. One amino acid difference between the two sequences results in an 

exceptionally high level of sequence identity, 98%. In this example, just one amino acid 

is sufficient to induce dramatic changes in structure. 

The existence of protein switches poses a significant challenge not only to our 

previous understanding of the correlation between sequence homology and structure 

similarity but also to the current state of protein structure prediction algorithms. In 2008, 

a designed protein switch pair with 95% sequence identity at an alignment length of 56 

residues served as blind prediction targets for the community-wide Critical Assessment of 

protein Structure Prediction (CASP) experiment. The two proteins are also mutants of the 

GA and GB domains of Streptococcal protein G, GA folds into the 3α-helical conformation 

and GB takes the 4β+α conformation.[11] Most CASP teams predicted both proteins to 

adopt the 4β+α conformation.[13] The accuracy of atomically detailed models was found 

insufficient to predict the structures from the sequences of this protein switch pair. In a 

later study all-atom molecular dynamics simulations also failed to correctly predict the 

relative stability of the two proteins.[14] 

Therefore, a protein structure prediction algorithm with higher sensitivity and 

accuracy is needed in order to perform correct fold recognition of protein switches, and 

this is one of the subjects that I investigated during my graduate studies. In Chapter 2, I 

will discuss our approach to tackle the problem by assessing some important factors, 

including the choice of homology templates, enrichment of structural models, and the 

accuracy of scoring functions in structural assignment on the sequences of a set of 

systematically engineered protein switches.  
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1.2 PROTEIN SWITCHES IN PROTEIN STRUCTURE EVOLUTION 

In addition to artificially engineered protein switches, there are naturally 

occurring fold switches, although only a few of them have been reported or structurally 

characterized.[15-19] One hypothesis explaining the observation of relatively small 

number of natural protein switches is that their sequences evolve relatively fast and our 

observations are sparse.[12] Once generated, the sequences rapidly evolve to adapt new 

structures and acquire new functions. Therefore, as a result of divergent evolution, 

observed evolutionarily related proteins may be so different in their sequences and 

structures that protein switches are hard to be detected by homology. Another argument 

for the general impression that natural protein switches are rare is that most structural 

biology efforts have inadvertently selected against their detection.[20] Commonly used 

methods for protein structure characterization such as X-ray crystallography, which 

focuses on static structure determination, has limited capacity for detecting proteins with 

multiple distinct conformations that are likely to be intermediate switches. This limitation 

is partially addressed by nuclear magnetic resonance (NMR) spectroscopy, which has a 

potential for better temporal resolution and detecting transient structures.  

Nevertheless, improvement in sequence comparison techniques[21-25] and 

structure classification methods[26, 27] helps in the discovery of some distant homologs. 

A remarkable example is in the Cro protein family, the Cro proteins from bacteriophages 

P22 and λ. P22 Cro is a monomeric protein that adopts 5α-helical fold, while λ Cro has a 

3α+2β fold and forms a dimer at low concentration. The two proteins share the same 3α-

helical fold at the N-termini, which contains a conserved helix-turn-helix motif that both 

P22 Cro and λ Cro use to bind to operator DNA[28, 29], while the C-termini evolve to 

fulfill different purposes. The C-terminus P22 Cro has two α-helices and λ Cro has two β 

sheets, which serve as the dimerization interface. Sequence comparison between the two 
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proteins shows only 25% identity, which is below the structural homology threshold of 

29.1% at their alignment length of 60 residues.[5] P22 Cro and λ Cro would not have 

been considered to be homologous proteins until multiple sequence alignment and 

structural alignment by secondary structures reveal the conserved N-terminal domains 

also in other Cro proteins and DNA-binding proteins which share a common 

ancestry.[30] To further assess the extent of homology between the two proteins, Cordes 

group used PSI-BLAST[31] and transitive sequence comparison[21] to construct a Cro 

database, from which they identified naturally occurring protein switches in the Cro 

superfamily.[18, 32]  

Transitive sequence comparison is an approach that searches for intermediate 

sequences between diverged sequences by conducting iterative rounds of all-against-all 

sequence comparison between query sequences and the sequences in a database of 

choice. The newly detected sequences from the database are added to the pool of query 

sequences for the next iteration, and the search is terminated until no new sequences are 

detected. The success of this procedure highly depends on sequence composition of the 

database. If all proteins in the database are unrelated, it is unlikely to find conserved 

sequence fragments and the search is bound to fail. Adding new sequences to the query 

sequences also requires careful inspection. It is easy to introduce noise in the following 

iterations and the search may not converge. Despite of the above limitations, this 

procedure increases the ability to recognize distant homologs that are not identifiable by 

direct sequence comparison. This is at the expense of 1% to 4% false positive to true 

positive ratios.[21, 22] Using transitive homology analysis, Cordes group suggested three 

intermediate sequences of Cro proteins from the Cro database they built. The sequences 

are prophage Cro proteins Afe01, Xfaso 1, and Pfl 6, which possess sequence homology 

not only in the conserved N-termini but also in the structurally divergent C-termini.[32] 
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Afe01 and Xfaso 1 have similar conformations to P22 Cro, and Pfl 6 shares a similar 

structure to λ Cro. The five Cro proteins, including the three intermediate sequences, 

form a chain where each of the four links has sequence identity around 40%, and the 

intermediate sequences Xfaso 1 and Pfl 6 are protein switches (i.e. a sequence identity of 

40% with P22 Cro- and λ Cro-like structures.[18]  

The discovery of the intermediate sequences of Cro proteins provides evidence 

that the structural switching at the C-terminal domains was caused by evolutionary 

processes. In other words, it suggests that the C-terminal sequences of P22 Cro and λ Cro 

share common ancestry, and at some point in Cro protein evolution, the secondary 

structure switched due to accumulation of mutations. This suggests an avenue for 

creation of new protein structures. In the Protein Data Bank (PDB)[33] we have about 

one thousand unique folds as defined by SCOP[34]. Did a significant fraction of these 

structures arise by sequential point mutations as suggested by the Cro protein family? To 

address this question, Meyerguz, Kleinberg, and Elber[35] and Cao and Elber[36] studied 

the transitions between structures representing the whole PDB by a single point mutation. 

In their model, protein space is presented as “a network of sequence flow” that each node 

is a protein fold and each directed edge is a flow of sequences from one fold to another 

following a point mutation. On one hand, they observed that more diverse sequences are 

retained in the original fold than sequences that migrate to another fold after mutation. 

This is consistent with our knowledge that protein structures are more conserved than 

sequences in evolution. On the other hand, they found that the network is quite dense 

such that each fold is connected to ten other folds on average. Some evidence of protein 

switches supporting this network model as a possible mechanism of protein structure 

evolution was published.[7, 11, 12, 18, 37, 38] 
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One example is the 98% sequence-identical GA and GB domains of Streptococcal 

protein G discussed in Section 1.1. In a later study from the same group, they designed 

two more protein switch pairs. One pair is between the GA domain and outer surface 

protein A (OspA). The two proteins are 77% identical in sequence, while the GA domain 

has a 3α-helical fold and OspA adopts all β-sheet. The other pair is the GA domain and 

maltose binding protein (MBP), which has a α/β/α sandwich fold. The two proteins 

possess 80% sequence identity.[38] Together with the GA and GB protein switches, these 

artificially engineered fold switches connect four unique structures and form a network.  

Given the network in protein space, we directed our attention to one edge and 

investigated comprehensively the properties of the sequences of protein switches that 

bridge between a 3α-helical fold and a 4β+α fold. In Chapter 3, I will describe an 

example of conducting large-scale sequence sampling of protein switches using the 

scoring protocols we formulated. 

1.3 REACTION PATHWAYS FOR STRUCTURAL TRANSITIONS 

In the experiment of designing the GA and GB domains of Streptococcal protein G 

with one point mutation, the authors observed that the GA domain of this protein switch 

pair has the capability of binding to both its natural ligand, human serum albumin (HSA), 

and the ligand of the GB domain, the constant region of IgG.[11] The results of the 

binding assays for the GA mutant suggest that the two structures, the 3α-helical fold and 

the 4β+α fold, co-exist in this protein switch. However, the mechanism and the nature of 

this conformational change are not fully understood. Residues located at the core of one 

fold may be solvent exposed in the other fold, and vice versa. Understanding processes 

that involve these global rearrangements of the amino acids and the solvent molecules 

can provide insights in identifying important intermediates of the system and unravel 
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design principles. This leads to another chapter of my graduate studies, which is the 

calculation of reaction pathways of fold switching in coordinate space (in addition to 

sequence space).  

Conformational transitions are important not only for protein switches but also in 

protein activation and allosteric reactions. A reaction pathway can be defined as a curve 

in conformational space that allows continuous low-energy motion from the initial 

conformation to the final conformation. The reaction pathway with a lowest energy 

barrier is called the minimum energy path (MEP) if we search on the potential energy 

surface or the minimum free energy path (MFEP) if we search on the coarse free energy 

surface. From a MEP or a MFEP we can qualitatively identify important intermediates 

and transition states of the reaction by locating local or global minima and saddle points 

on the corresponding energy or free energy surface. We can also quantitatively calculate 

the activation energy of the reaction from the barrier height between the reactant and the 

product and estimate the rate constant by transition state theory[39, 40] or from mean 

first passage time calculations by running short molecular dynamics trajectories between 

the discretized positions along the reaction pathway using Milestoning.[41, 42] As there 

are myriad of thermodynamics and kinetics properties of a system that can be derived 

from a MEP or a MFEP, a lot of efforts have been made in developing algorithms to 

compute MEPs and MFEPs.[43-49] 

For a simple system that involves only a small number of atoms or is highly 

symmetric, a reaction pathway can be constructed on the potential energy surface of the 

system either by first locating the saddle points, where the transition states are, and then 

moving downhill from these stationary points to reach nearby local minima, where the 

reactants, products, or intermediates are or by moving uphill from the minima toward the 

saddle points.[50-52] Searches for saddle points frequently use Hessians. Expensive 
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calculations of the second derivative matrix of potential energy make it difficult to apply 

this class of methods to large systems. Another challenge of the saddle point approaches 

is the use of local propagation, which can easily get lost on rough energy landscapes and 

not find desired products. 

In order to compute reaction pathways for large systems, a number of algorithms, 

such as the Elber-Karplus method[43], the locally updated plane (LUP) method[44], the 

scalar work method[45], the nudged elastic band (NEB) method[46], and the string 

method[47], have been developed, which search path globally and do not require 

calculations of the second derivative matrix. These algorithms are often referred to as 

“chain-of-states” methods where several “states” of a system are generated as 

intermediate copies between the initial and final conformations, and each state represents 

a conformation of the system displaced along the tethered path. Then an initial guess of 

the path is refined iteratively. 

These algorithms use different function or functional to refine the path. In the 

LUP method, the NEB method, and the string method, refinement of the path is by local 

quenching. Each conformation i of the system along the path moves on a hyperplane that 

is normal to the tangent of the path at that state such that the potential energy U of the 

conformation is minimized subject to an “in plane” constraint.  
 

d!ri
dt
= −∇Ui,proj                                                        (1.1)

 
where !ri  is the x, y, and z coordinates of conformation i. ∇Ui,proj =∇Ui − ∇Ui ⋅ ê

t( ) ê  , 

where ê =
!ri+1 −
!ri−1!ri+1 −
!ri−1

 . In the Elber-Karplus method and the scalar work method, 

refinement of the path is by minimizing a line integral, which is a function of the path. 
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The functional S that the Elber-Karplus method uses is the average potential energy along 

the path as shown in Eq. 1.2. 
 S = U dl∫                                                             (1.2)

 
 

where dl is the path length element. The scalar work method uses a different functional, 

which the authors named as “scalar work (Wscalar).” Derived from equations of motion of 

the Brownian particle at the zero temperature limit, the functional (Eq. 1.3) is an integral 

of the norm force of the system along the path.  
 

Wscalar = ∇U dl∫                                                   (1.3)  

The force exerted on a conformation along the path can be decomposed into two 

components. One is parallel or antiparallel to the tangent of the path at that position, and 

the other is the force component that is perpendicular to the path at the same position. 

Wscalar is at a minimum when the absolute value of the parallel force at each conformation 

on the path is the lowest and the perpendicular force at every conformation along the path 

is zero. An optimal value of Wscalar gives the smallest barrier heights along a path, and 

zero perpendicular force at every conformation along the path. It therefore satisfies the 

definition of a MEP. The scalar work method does not require the computation of the 

second derivative matrix of the potential energy for optimization of Wscalar. This is 

because by an optimization guided by gradient, the product of the second derivatives of 

the potential energy and the force vector can be computed by a finite difference 

approximation.  

 A common feature of the chain-of-states methods is that they all require an 

initial guess for the reaction pathway to be optimized. Linear interpolation between the 

initial and final conformations is a straightforward approach to generate a guess for these 

states, but for a complex system the interpolation may result in very distorted 
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conformations. Accordingly, other methods such as targeted molecular dynamics 

(TMD)[48] and the growing string method[49], that do not require an initial guess for the 

path, have been developed. TMD uses a time-dependent, geometrical constraint to 

simulate a conformational change from the initial conformation to the final conformation. 

This method does not produce a MEP. The growing string method initiates two 

independent growing paths, one is from the initial conformation and the other is from the 

final conformation, and the potential energy at every state on each path is minimized 

separately until the two paths join. However, it may be difficult for the two paths to 

merge as they are propagated independently without information on the conformation at 

the other end.  

Based on the features and the limitations of these algorithms, we proposed a new 

algorithm that is named the “Chain Growth” method, which does not require computation 

of second derivatives or an initial guess of the path. Our method searches the path locally 

and globally by propagating the reaction pathway from the initial conformation to the 

final conformation and optimizes the scalar work of the growing path using a finite 

difference method. In Chapter 4, I will describe the Chain Growth algorithm in detail and 

discuss its application to the studies of the Müller potential, alanine dipeptide and 

tryptophan zipper. 
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Chapter 2:  Structural Assignment of Experimental Switch Sequences1 

 In this chapter I discuss a computational model for structural assignment of a 

switching system. The system consists of 31 experimental sequences of the structurally 

divergent GA and GB domains of Streptococcal protein G.[11, 12] The sequence identity 

between these GA and GB proteins ranges from 16% to 98%. The protein switch pairs, the 

GA and GB proteins that are highly similar in their sequences, contradict our usual notion 

of protein homology and motivate us to predict and understand their properties.  

In this study, we searched for energy functions that can be computed rapidly and 

at the same time are accurate enough to provide meaningful prediction for protein 

switches. A number of structure prediction algorithms such as LOOPP[53, 54] are based 

on coarse-grained energy functions that replace the atomically detailed view of an amino 

acid with a single point using, for example, the geometric center of the side chain. The 

geometric center of the side chain of the original amino acid is used to evaluate the score 

of the new amino acid after substitution. The simplified representation shortens the 

computing time and makes it easier to learn the necessary parameters compared to atomic 

models. Scoring is particularly efficient for coarse-grained models since new side chains 

do not require buildup.  

We reported the performance of five coarse-grained energy functions to predict 

structures of the 31 GA and GB proteins. While the prediction accuracy was satisfactory in 

a number of cases, it was not always consistent. High sensitivity to the choice of the 

structural templates for homology modeling was noted. To increase consistency, we 

therefore proposed another evaluation step. We enriched the structural ensemble of a 

                                                
1Part of the material of this chapter is taken from a work published with my advisor, Prof. Ron Elber, who 
supervised the work. Reproduced in part from Phys. Chem. Chem. Phys., 2014, 16, 6407-6421.  
http://pubs.rsc.org/doi/10.1039/C3Cp55209H 
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homology model by sampling conformations from a short and fully solvated, atomically 

detailed molecular dynamics (MD) trajectory. A short MD trajectory, which produces a 

structural ensemble in the neighborhood of the initial structure, aims to reduce the noise 

of typical threading exercises in which a sequence is embedded in a pre-determined 

structure and the fitness of the sequence-structure match is evaluated. The MD trajectory 

was kept short to avoid significant shift from the experimental structure, which was used 

as the template for homology modeling in the previous evaluation step. We made no 

attempt to reproduce the thermodynamics of the system. As argued by Allison et al., 

physics-based calculations by currently available force fields are unlikely to differentiate 

between the structures of the GA and GB protein switches.[14] While other approaches for 

physics-based modeling of scoring are possible[55], further evaluation of their accuracy 

and speed is needed. Full construction of a free energy landscape is also computationally 

expensive and will not support large-scale sampling of switch sequences.  

We did not attempt to predict structures of the protein switches from sequence 

information only. A sequence in the switching system was considered to fold to either the 

GA or the GB structure. The limited choice of structural templates made it necessary to 

consider “successful” predictions with care. Random assignment of the sequences to one 

of the two structures will have 50 percent “success” rate. Therefore, we set a threshold of 

80 percent correct predictions for the algorithm to be successful. In other words, the 

structures of at least 25 out of the 31 GA or the GB proteins have to be correctly predicted. 

In addition to assigning the sequences to one of the two folds, we also examined the 

stability of the protein switches in terms of melting temperature. In general, quantitative 

prediction of protein stability is a difficult computational task.[56, 57] Nevertheless, we 

showed that predicting stability of protein switches contains a surprising empirical twist 
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that makes it possible to accurately predict melting temperature at low cost. The 

following sections describe our methods and findings. 

2.1 EXPERIMENTAL SEQUENCES AND STRUCTURES  

We tested our prediction algorithm on the 31 systematically designed GA and GB 

sequences analyzed by Orban and Bryan’s groups.[11, 12] The sequences lie on 

mutational pathways of a structural transition between a 3α-helical bundle (GA-WT, or 

2FS1[58]) and a 4β+α fold (GB-WT, or 1PGA[59]). These sequences are given in Table 

2.1. 

Experiments provide three pairs of GA and GB structures, which were served as 

structural templates for modeling the rest of the GA and GB proteins. The two native 

structures, from which the experimental design of the switching system was initiated, 

were determined by NMR (2FS1[58]) and by X-ray crystallography (1PGA[59]). The 

structures of the other two heteromorphic pairs were determined for the sequences closer 

to the switching point.[37, 60] These structures are 2JWS (GA88), 2KDL (GA95), 2JWU 

(GB88), and 2KDM (GB95). The subscripts denote the fold (3α fold is an “A” and 4β+α 

fold is a “B”). The numbers denote the percentage of sequence identity between the 

heteromorphic pairs, providing additional information about the mutational process. The 

availability of several structures makes it possible to address more questions. Do the 

structures show a systematic drift toward the switching point? Which parts of the 

structures, if any, become less stable as the mutational process proceeds? Does the 

prediction accuracy depend on the structural templates?  
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Table 2.1: Thirty-one experimental GA and GB sequences, including the native (WT) and 

synthetic variants. The last row provides the melting temperature (Tm) values. G1 to G14 
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and G30 are sequences that fold to the 3α-helical bundle; G15 to G29 and G31 are 

sequences that fold to the 4β+α structure. Note that all sequences are of the same length, 

with exactly 56 amino acids, removing the requirements of alignment for homology 

modeling. 
 

To assess the difference between the experimental structures, we overlay in 

Figure 2.1 (a) the two most different NMR models of 2FS1 and the two most different 

NMR models of 2KDL, and (b) the crystal structure 1PGA and the two most different 

NMR models of 2KDM. It is clear that the overlaid structures are highly similar even 

though 2KDL loses one helical turn near the N-terminal end compared to 2FS1. 

Interestingly, the additional contacts of the loose N- and C- termini in the GA structures 

can make significant variations in structural assignment. This is an example in which 

generating structural ensembles by MD simulations is particularly useful to reduce the 

weights of transient contacts in highly flexible domains. 

Figure 2.1: Continued next page. 
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Figure 2.1: Overlapping (a) the two most different NMR models of 2FS1 (model #3 – 

raspberry; model #15 – light pink) and the two most different NMR models of 2KDL 

(model #2 – skyblue; model #4 – light blue) and (b) the crystal structure of 1PGA 

(raspberry) and the two most different NMR models of 2KDM (model #19 – skyblue; 

model #20 – light blue). See text for more details. 
 

To compare quantitatively all NMR models and the crystal structure of every pair 

of experimentally determined structures, we reported the average root mean square 

distance (RMSD) using the Cα atoms and the TM structural alignment scores in Table 

2.2. The RMSD between the structures that belong to the same fold family is in the range 

from 0.514 Å to 2.149 Å, compared to 2.633 Å to 3.061 Å between the crossover 

structures. RMSD is a global measure of structural similarity and it is sensitive to local 

variations of internal coordinates. Small deviations of torsion angles can result in a high 

RMSD. Therefore, it is also useful to compare the structures with a more local measure 

of structural similarity. We used the TM-score[61] for this purpose. The TM-score is 

between 0 and 1, where a score of 1 implies that the two structures are identical. The TM-

score between the structures that belong to the same fold family is in the range from 

0.636 to 0.960, compared to 0.365 to 0.433 between the crossover structures. We also 

reported the RMSD between the two most different models of each NMR structure in 

Table 2.3. Note that the models in the NMR structures are quite different, and the RMSD 

increases when the structures get closer to the switching point. As I will show in Section 

2.7, the prediction accuracy changed significantly when different heteromorphic pairs 

were used as the structural templates for homology modeling.  
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RMSD (Å) 2FS1 2JWS 2KDL 1PGA 2JWU 2KDM 
2FS1 1.226+/-0.359 2.149+/-0.234 2.063+/-0.215 2.633+/-0.108 2.883+/-0.176 2.751+/-0.159 
2JWS 2.149+/-0.234 1.461+/-0.431 2.031+/-0.255 2.726+/-0.136 3.016+/-0.198 2.913+/-0.173 
2KDL 2.063+/-0.215 2.031+/-0.255 1.476+/-0.430 2.799+/-0.240 2.933+/-0.235 2.856+/-0.246 
1PGA 2.633+/-0.108 2.730+/-0.108 2.792+/-0.244 0.000+/-0.000 1.346+/-0.067 1.615+/-0.073 
2JWU 2.886+/-0.183 3.061+/-0.198 2.956+/-0.234 1.346+/-0.067 0.514+/-0.152 1.351+/-0.096 
2KDM 2.758+/-0.156 2.915+/-0.179 2.857+/-0.242 1.615+/-0.073 1.351+/-0.096 0.571+/-0.172 
       

TM-score 2FS1 2JWS 2KDL 1PGA 2JWU 2KDM 
2FS1 0.912+/-0.026 0.653+/-0.019 0.679+/-0.017 0.433+/-0.004 0.377+/-0.006 0.386+/-0.008 
2JWS 0.653+/-0.019 0.865+/-0.035 0.636+/-0.017 0.422+/-0.003 0.382+/-0.009 0.392+/-0.008 
2KDL 0.679+/-0.017 0.636+/-0.017 0.809+/-0.051 0.401+/-0.006 0.368+/-0.008 0.380+/-0.011 
1PGA 0.433+/-0.004 0.422+/-0.003 0.402+/-0.006 1.000+/-0.000 0.823+/-0.012 0.759+/-0.015 
2JWU 0.377+/-0.006 0.380+/-0.009 0.365+/-0.013 0.823+/-0.012 0.960+/-0.015 0.812+/-0.020 
2KDM 0.387+/-0.007 0.392+/-0.008 0.381+/-0.011 0.759+/-0.015 0.812+/-0.020 0.952+/-0.019 

Table 2.2: Average RMSD and TM-scores between the experimental structures of the 

three heteromorphic pairs. The top table shows the result of average RMSD. The non-

zero diagonal elements are for the comparison of NMR models within a single PDB 

entry. The zero diagonal element (1PGA) is a crystal structure. In off-diagonal elements 

the RMSD values are averages over all comparisons between the structures of the 

different PDB entries (e.g. there are 400 RMSD values to average over when comparing 

2KDL and 2KDM). As might have been expected, changes within a PDB entry are 

significant but still smaller on average than changes between different PDB entries that 

belong to the same fold family (shaded). RMSD values between different fold families 

are the largest (non-shaded). The same comparisons were repeated with the TM-score 

(bottom table). The TM-score measures the similarity between the structures in the range 

from 0 to 1. Score of 1 means that the two structures are identical.  
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PDB ID Most different NMR models RMSD (Å) 
2FS1 3, 15 1.92 
2JWS 11, 19 2.19 
2KDL 2, 4 2.37 
2JWU 5, 6 0.9 
2KDM 19, 20 0.94 

Table 2.3: RMSD between the most different NMR models in the same PDB entry. 
 

2.2 THE COARSE-GRAINED ENERGY FUNCTIONS 

We considered five different coarse-grained energy functions, which were used to 

test the fitness of a sequence to alternative structures. The energy functions are named 

after the authors: Hinds and Levitt (HL)[62], Miyazawa and Jernigan (MJ)[63], 

Betancourt and Thirumalai (BT)[64], and Tobi and Elber (TE)[65]. We also considered 

the THOM2 energy function, which was found to have a lower prediction capacity 

compared to the other scoring functions[66]. All five energy functions are knowledge-

based potentials. They were learned using log-odd ratios (HL, MJ, and BT) or a 

Mathematical Programming model (TE and THOM2). These energy functions account 

for solvation effects only indirectly, by learning experimentally determined structures of 

proteins. The experimental structures were determined (of course) with solvent.  

From an implementation point of view MJ, BT and TE are highly similar. All 

three energy functions are based on contacts between the geometric centers of side chains 

with cutoff distances between 0 Å and 6.5 Å for MJ and BT and between 2.0 Å and 6.4 Å 

for TE. Hence, the total energy of a structure, E, is given by  
 

E = nαuα
α

∑                                                        (2.1)                                                                                                      

where α is a contact between amino acid types, e.g. alanine and phenylalanine. The 

number of contacts of a particular type is nα, and the energy associated with that contact 
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type is uα. The difference between the three energy functions is in the value of the contact 

score, uα. Tanaka and Scheraga[67] pioneered the use of log-odd ratios to determine 

statistical potentials by learning from crystal structures of globular proteins, which was 

further elaborated on by MJ[63]. BT[64] suggested an adjustment to MJ contact scores in 

which the interaction of an amino acid with water is set to zero. The interaction between 

an amino acid and a water molecule was modeled by replacing the water molecule with 

threonine. Unlike MJ and BT, TE[65] is based on a Mathematical Programming model, 

an alternative learning approach to log-odd ratios. The three energy functions present 

different approaches to estimate effective inter-residue contact energies, and as a result, 

they may perform differently in structural assignment of protein switches.  

HL[62] is different from the above three energy functions in terms of the database 

used to derive contact scores and the definition of a contact. A contact in HL is defined 

according to atomic cutoff distances. If the shortest distance between any pair of heavy 

atoms belonging to the two residues under consideration is smaller than 4.5 Å, the two 

residues are in contact. This is in contrast to the other energy functions in which a contact 

is based on the distance between the geometric centers of the side chains with no direct 

reference to atomic coordinates. Although using atomic coordinates makes the definition 

of contacts more precise, the exact positions of the atomic coordinates are not always 

known. If templates are used to build atomic structures, then the coordinates are 

approximate. The accuracy of the modeling affects the scores. From this perspective 

using the geometric centers of the side chains is a less noisy option. Furthermore, HL 

requires atomic models while the other energy functions use the cheaper residue-based 

modeling.  

Similar to TE, THOM2[66] was learned using the same Mathematical 

Programming model to determine the contact scores. However, its functional form is 
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different from the other energy functions. THOM2 contact scores depend on the number 

of neighbors to a position and the number of neighbors to the neighbors of the position. 

The functional form of THOM2 energy is 
 

E = Ei
i
∑         Ei = uα ni,nj( )

j
∑                                     (2.2)  

where uα (ni,nj) is the contact score between positions i and j. α is the type of the amino 

acid at position i, and ni and nj are the numbers of contacts to position i and to position j, 

respectively. A pair of positions is in contact if the distance between the geometric 

centers of the side chains is between 1.0 Å and 6.4 Å. In contrast to other energy 

functions, in which a contact score of residue pair interaction depends on the types of 

amino acids at both positions i and j, a THOM2 contact score depends on the type of the 

amino acid at only position i. The other position, j, is described by its local geometry, i.e. 

the number of neighbors surrounding the position j. The concept behind the functional 

form of THOM2 is that the number of neighbors determines the properties of the amino 

acid placed at that position. A position with a large number of neighbors is more likely to 

accommodate a hydrophobic residue and therefore will preferably interact with another 

position that is also rich in neighbors. This alternative functional form has two 

computational advantages. The first is that THOM2 contact scores can be used in 

Dynamic Programming (DP)[68]. Alignment of a sequence to a structure can be done 

efficiently in time quadratic with the sequence length. The second advantage is that 

estimating sequence capacity of folds can be computed with polynomial complexity.[69] 

While these features are less relevant in our study because the 31 GA and GB sequences 

are of the same length and there is no need for sequence alignments with insertions or 

deletions, and the number of sequences we consider is relatively small, these properties 

are nevertheless useful in a number of other studies[35, 36]. A disadvantage is that 
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THOM2 was found to be less accurate than the other energy functions. Meller and 

Elber[66] have shown that with the same number of optimal parameters, THOM2 

recognizes a smaller number of correct folds compared to TE, which was optimized by 

the same methodology using a Mathematical Programming model. 

It was of interest to examine the performance of the above five energy functions 

for switch recognition. By evaluating the energy functions that were derived by different 

means from different laboratories, we have a better chance of grasping the current state of 

the field and improving our ability to make concrete switch predictions. 

2.3 HOMOLOGY MODELING 

We used experimentally determined structures “as are” in homology modeling 

experiments in which a sequence was placed into a correct (or incorrect) structure and the 

energy of the sequence-structure match was computed. The structures that we had are GA-

WT/GB-WT (PDB entries 2FS1 and 1PGA), GA88/GB88 (2JWS and 2JWU), and 

GA95/GB95 (2KDL and 2KDM). Of this set the structure 1PGA was determined by X-ray 

crystallography while the other structures were determined by NMR. Each of the NMR 

structures has 20 different models, and each of these models was used in the homology 

calculations. The energy of a sequence-structure match using a NMR structure as the 

template was averaged over the 20 models. For each structure and its own native 

sequence, we computed the contact maps based on the energy function that was used. The 

same native contacts were used to score other sequences. No adjustments were made to 

the structures when new sequences were placed into the structures. Note that all 

sequences are of the same length. Being equal in length makes it possible to avoid the 

complex issue of scoring sequence-structural alignments with deletions and insertions. 
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2.4 SCORING HOMOLOGY MODELS 

We generated the two-body contact maps of the 20 NMR models of 2FS1, 2JWS, 

2KDL, 2JWU, and 2KDM, and of the crystal structure of 1PGA using the definition of 

contacts as described in Section 2.2. While the energies directly calculated from the 

energy functions provided a useful signal for structural assignment of the protein 

switches, there was still considerable uncertainty in the reference state. The Z-score is an 

alternative scoring method in which the reference state is the structural template at hand 

with a random sequence sampled using the same amino acid composition as the probe 

sequence. The Z-score[70] is defined as 
 

Z =
Ef − E

σ
       σ= E 2 − E 2                                    (2.3)                                            

The energy Ef is the score of the probe sequence. E and σ are the average and standard 

deviation of the energies of random sequences in the target template. Note that the Z-

score defined in Eq. 2.3 does not measure the properties of unfolded structures, which 

imply changes in conformation. Instead, it considers random mutations while preserving 

the sequence composition and retaining the same fold. For each of the 31 sequences in 

each of the template structures, we generated 3,000 random sequences by randomizing 

the amino acid positions along the sequence. The randomized sequences were threaded 

through all experimental conformations. The Z-score of a conformation was calculated 

using Eq. 2.3, while the score of a sequence-structure match is the average of the Z-

scores over all relevant structural templates (i.e. the 20 NMR models) that belong to the 

same PDB entry.  

We also generated two-body contact maps of the first NMR model of 2FS1, 

2JWS, 2KDL, 2JWU, and 2KDM for easy comparison with the results obtained by MD 
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simulations, which were initiated from the first NMR model of each PDB entry. The MD 

simulations are discussed in the next section. 

2.5 MODEL ENRICHMENT BY MOLECULAR DYNAMICS SIMULATIONS 

Motivated by P. Cossio, et al.[71], who demonstrated the need of enhancing the 

sampling of structural templates for scoring, we used MD simulations to create sets of 

structures for each of the sequence-structure matches. The MD structures were re-scored 

using the coarse-grained energy functions that were discussed in Section 2.2. In addition 

to re-scoring, we also examined structural measures computed from the simulations 

(RMSD differences with respect to the initial structure). 

To evaluate templates in structural assignment of the 31 sequences, for each of the 

sequences all available experimental structures were used as templates: GA-WT/GB-WT 

(the first NMR model of 2FS1 and the crystal structure of 1PGA), GA88/GB88 (the first 

NMR models of 2JWS and 2JWU), and GA95/GB95 (the first NMR models of 2KDL and 

2KDM). Each structural model was built based on a sequence and six templates: three 

templates of the correct fold (to which this sequence is known to fold) and three 

templates of the incorrect fold.  

Each of the five NMR structures has twenty models. We used, however, only the 

first NMR model in the MD simulations. The homology modeling discussed in Section 

2.3 considered all twenty models for each NMR structure. We expected that MD 

simulations would span similar space covered by the alternative 19 NMR models and 

hence spare the use of all 20 models as the templates. As I will illustrate in Section 2.7, 

improvement in prediction provided by MD simulations of a single (the first) NMR 

model was already quite high. Nevertheless, we wished to avoid possible bias in the 

sampling due to the choice of the first NMR model for the MD simulations as compared 
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to the results of all NMR models for the homology modeling. We therefore also reported 

the homology modeling results using only the first NMR model.  

Each of the sequence-structure matches was built into an atomically detailed 

model by MODELLER[72]. This choice was clearly not unique. We also examined the 

use of SCRWL[73] to perform homology modeling. The prediction accuracy was similar 

to the use of the templates “as are.” The 186 preliminary models (6 structures for each of 

the 31 sequences) were subjected to 10,000 steps of energy minimization using mini_pwl 

in MOIL[74]. The energy-minimized structures were solvated in a (65 Å)3 water box with 

the TIP3P water model.[75] Counter ions were added to ensure a neutral system. To 

obtain an equilibrium sampling we took the following steps. First, the protein was fixed, 

and only water molecules and counter ions were equilibrated for 5 ps from 3 K to 300 K. 

The time step was 0.0001 ps. Simultaneously, the volume of the box was reduced linearly 

in time from (66 Å)3 to (65 Å)3 to obtain correct water density while avoiding bad 

Lennard-Jones contacts between the boundaries of the periodic boxes. The last 

conformation was saved and used in the next equilibration run. In the next step, all atoms 

were allowed to move in the (65 Å)3 water box, where the volume was kept constant. The 

temperature was increased gradually again from 3 K to 300 K for another 5 ps. The time 

step was also 0.0001 ps. Note that the time steps in both equilibration runs are very small 

but were chosen to ensure robustness of the simulation despite possible initial bad 

contacts. Our goal was to design a highly robust protocol that can be automated on a 

large-scale computational experiment. In Chapter 3 we explored hundreds of millions of 

sequences using the protocol presented in this chapter. A few and rare bad starting 

structures can disrupt the automated process and make it significantly less efficient from 

a computational and human perspective. For a minor cost in computational resources by 

doing extra minimization steps and using a small time step we ensured that the process 
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was complete without manual intervention. The last conformation was saved as a starting 

structure for a 100-ps production run, with a time step of 0.001 ps. We examined also 

400-ps trajectories, and the results were similar to the 100-ps runs (reported in Section 

2.7). The conformations were sampled every 1 ps at 300 K. In all simulations, the cutoff 

distances for electrostatic and Lennard-Jones interactions were 10 Å and 9.5 Å, 

respectively. Ewald summation was used for electrostatic interactions. Particle Meshed 

Ewald[76] used a grid of 64 and relative error tolerance of 10-9. Each of the MD 

trajectories of the 186 models produced 100 conformations for further analysis.  

2.6 CORRELATION WITH MELTING TEMPERATURE 

The melting temperature of a protein is the temperature at which half of the 

protein molecules are unfolded. It can be determined by observing the changes in the 

secondary structure content using circular dichroism (CD)[77], by studying the changes 

in heat capacity by calorimetry[78], or by examining specific peaks in NMR spectra[79] 

as a function of temperature. The experimental study of the 31 GA and GB sequences by 

Alexander et al. used CD.[11] The measurements of protein stability were particularly 

intriguing since they were done in the same laboratory. Diverse experimental 

methodologies and conditions are issues in the design of consistent prediction algorithms 

for melting temperature. While the focus of this study was on structural assignment of 

switch sequences, we sought an independent assessment of the prediction accuracy. The 

melting temperature suggested a useful measure.  

In this study we proposed a mixed algorithm of knowledge-based approach and 

MD simulations. The scores we had at hand are the knowledge-based energies and the Z-

scores that were discussed in Sections 2.2 and 2.4. We also enriched structural ensembles 

by MD simulations. In our first attempt of predicting melting temperature, we tried to use 
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the knowledge-based energies and the Z-scores “as are.” The model was of unfolded 

states with zero energies, i.e. no contacts. We hypothesized that the energy was 

negatively correlated with stability and melting temperature. In other words, the lower the 

energy, the higher the melting temperature. However, the correlations were found to be 

poor. For example, the correlation between TE energy after MD simulations and the 

melting temperature was only -0.16 and for the HL energy the correlation was even 

positive. 

The “zero” energies of the unfolded states were of course approximations. The 

residues of a protein, even completely exposed to the solvent, are interacting with water 

molecules. BT energy function[64] adjusts the contact scores in the unfolded states by 

estimating the interactions between amino acids and water molecule in the unfolded 

states. Because the statistics of these interactions was not available, the contact with a 

water molecule was replaced by a contact with threonine. Unfortunately, for the protein 

switches, this correction did not help to obtain a good correlation between BT energy and 

the melting temperature. The correlation was 0.04.  

We also tried empirically the correlation between the melting temperature and the 

energy difference between the correct seqeunce-structure matches and the incorrect 

matches. We were pleasantly surprised to find a reasonable correlation between the 

melting temperature and the energy difference (~0.77) reported in Section 2.7. It was 

generally accepted that unfolded states of a protein are random coils and we could not 

explain the success of the energy difference in predicting melting temperature for the GA 

and GB protein switches on this basis. Nevertheless, for the protein switches there was 

experimental evidence that the two structures co-exist in a protein.[11] Without 

additional experimental and computational evidence we offered this observation as a 

prediction tool for melting temperature of the current and other protein switches. 
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2.7 RESULTS AND DISCUSSION 

Our prime use of the MD simulations was for sampling structures in the 

neighborhood of the initial structure. There are other properties that we can extract from 

MD simulations and potentially use them to differentiate between the structures of the 

protein switches. One of these properties is the potential energy. However, the 

distribution of the atomically detailed potential energies, extracted from the MD 

simulations, did not carry a useful signal and we did not pursue it further. Even if the MD 

potential energy is perfect, we need extensive sampling to estimate free energies while 

our MD trajectories were short by design. Others[14] concluded that MD simulations, as 

a stand alone technology, are unable to detect the correct fold of the protein switches and 

our initial observation was consistent with their more extensive study.  

The computations of structural features are typically easier to converge 

(statistically) than the calculations of free energies (e.g. the computations of the distance 

pair correlation functions are easier than the estimation of solvation free energy by 

thermodynamic integration). We therefore considered the RMSD with respect to the 

initial structure of a production run in the MD simulations. We hypothesized that the drift 

from the initial model for a correct sequence-structure match is smaller than the drift for 

the incorrect match. We reported the results from 100-ps and 400-ps MD simulations. 

Since using the structures of GA-WT and GB-WT as the templates the prediction accuracy 

of 100-ps and of 400-ps simulations was about the same, we used 100-ps simulations in 

this study. As discussed earlier, we did not expect the MD simulations alone to be 

sufficiently accurate to distinguish between the two structures. In Figure 2.2 we show an 

average RMSD (average over all sequences in the same fold family) as a function of 

time. We considered all sequences embedded in the six correct and incorrect templates. 
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Figure 2.2: Average RMSD plots. The top three plots are from the 100-ps production runs 

for the three heteromorphic pairs, and the bottom one is from the 400-ps production run 

for the GA-WT /GB-WT templates (2FS1 and 1PGA). See text for more details. The 

average was over all correct or incorrect sequence-structure matches (correct sequence-

structure matches are in black; incorrect ones are in red.) Note that the average RMSD is 

consistent with the hypothesis that the drift is larger for incorrect sequence-structure 

matches. The most significant separation between the red and black curves is seen in the 

MD simulations that started from the wild-type structures (2FS1 and 1PGA), which is 

encouraging.  
 

We used the concept illustrated in Figure 2.2 to develop a geometric criterion for 

structural assignment. Let Sprobe be a probe sequence that we wish to assign to one of the 

two folds: XA or XB. We compared the time average of the RMSD between trajectories. 

Two tests were considered. First we tested that the probe sequence fits into fold A. To fit 

into fold A two inequalities must be satisfied: (i) the RMSD of the probe sequence in fold 
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A should be smaller than the average RMSD over sequences that are known to be B. (ii) 

the RMSD of the probe sequence into B fold must be larger than the average RMSD over 

sequences known to be B. These conditions are summarized in Eq. 2.4. 
 

RMSD Sprobe → XA( ) < RMSD SB → XA( )
RMSD Sprobe → XB( ) > RMSD SB → XB( )                                              (2.4)                               

Similar to Eq. 2.4 we formulated a pair of inequalities to test if a probe sequence is a 

candidate for fold B: 
 

RMSD Sprobe → XB( ) < RMSD SA → XB( )
RMSD Sprobe → XA( ) > RMSD SA → XA( )                                              (2.5)

 

For a prediction to be definite, a probe sequence must fit to a particular structure and at 

the same time not fit to the alternative structure. Sequences that do not satisfy both 

criteria were not assigned. Results of using the RMSD for structural assignment 

according to Eq. 2.4 and Eq. 2.5 are summarized in Table 2.4.  
 

Table 2.4: Structural assignment using RMSD of the MD trajectories with respect to their 

initial structures. See the text and Eq. 2.4 and Eq. 2.5 for more details. The following 

notations are used: “a” denotes a 3α-helical bundle, “b” denotes a 4β+α fold, red 

characters denote incorrect predictions, and “?” indicates that no prediction could be 

made since the results were ambiguous. Correct predictions from the GA-WT/GB-WT 

templates are more than 80%, while the predictions from the other two templates aren’t. 

MOIL RMSD Sequence ID Prediction 
level 

Template 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 
Number of 

correct 
predictions 

G
A
-WT/G

B
-WT a a a a ? a a a a a a b b b b a b b b b b b b b b a b b b a b 25 

G
A
88/G

B
88 a a b a a a a a a a a b b a b a b b b b ? b b b b b b b b b a 24 

G
A
95/G

B
95 b a a a a a a b b a a b a b b b a b b ? ? ? b a b b b b a b b 19 
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It is also of interest to compare the RMSD changes between the experimental 

structural ensembles (using the NMR structures that were reported in Table 2.2) and the 

structural ensembles from the MD simulations (Table 2.5). 
 

Table 2.5: Continued next page. 

(A) MOIL Ensembles 
RMSD (Å) G1-2FS1 G11-2JWS G13-2KDL G29-1PGA G19-2JWU G17-2KDM 
G1-2FS1 1.353+/-0.478 2.757+/-0.243 2.707+/-0.218 2.666+/-0.189 2.559+/-0.166 2.902+/-0.169 
G11-2JWS 2.757+/-0.244 1.351+/-0.379 2.571+/-0.211 2.888+/-0.347 2.997+/-0.261 3.040+/-0.236 
G13-2KDL 2.707+/-0.218 2.571+/-0.211 1.320+/-0.429 2.890+/-0.230 2.944+/-0.214 2.793+/-0.243 
G29-1PGA 2.636+/-0.181 2.899+/-0.360 2.888+/-0.230 0.663+/-0.137 1.278+/-0.105 1.843+/-0.174 
G19-2JWU 2.557+/-0.167 3.005+/-0.265 2.943+/-0.213 1.278+/-0.105 0.681+/-0.161 1.628+/-0.135 
G17-2KDM 2.891+/-0.161 3.041+/-0.236 2.800+/-0.248 1.843+/-0.174 1.628+/-0.135 0.804+/-0.232 
       
TM-score G1-2FS1 G11-2JWS G13-2KDL G29-1PGA G19-2JWU G17-2KDM 

G1-2FS1 0.812+/-0.086 0.502+/-0.043 0.508+/-0.036 0.378+/-0.014 0.399+/-0.013 0.358+/-0.016 
G11-2JWS 0.502+/-0.043 0.805+/-0.073 0.540+/-0.030 0.379+/-0.019 0.374+/-0.029 0.357+/-0.022 
G13-2KDL 0.508+/-0.036 0.540+/-0.030 0.833+/-0.062 0.406+/-0.017 0.399+/-0.015 0.369+/-0.017 
G29-1PGA 0.379+/-0.014 0.379+/-0.019 0.406+/-0.017 0.936+/-0.021 0.835+/-0.022 0.748+/-0.028 
G19-2JWU 0.399+/-0.013 0.376+/-0.028 0.399+/-0.015 0.835+/-0.022 0.932+/-0.026 0.756+/-0.031 
G17-2KDM 0.359+/-0.016 0.357+/-0.022 0.369+/-0.017 0.748+/-0.028 0.756+/-0.031 0.911+/-0.040 
 
 (B) MOIL Ensembles (Chopped off residue 1-5 and 52-56 of G1-2FS1, G11-2JWS, and G13-2KDL) 
RMSD (Å) G1-2FS1 G11-2JWS G13-2KDL G29-1PGA G19-2JWU G17-2KDM 

G1-2FS1 1.080+/-0.390 2.480+/-0.229 2.325+/-0.216 2.803+/-0.167 2.749+/-0.214 2.899+/-0.301 
G11-2JWS 2.480+/-0.229 1.102+/-0.316 2.300+/-0.221 2.768+/-0.219 2.975+/-0.262 2.898+/-0.230 
G13-2KDL 2.325+/-0.216 2.300+/-0.221 0.894+/-0.208 2.624+/-0.192 2.697+/-0.163 2.760+/-0.194 
G29-1PGA 2.803+/-0.167 2.768+/-0.219 2.624+/-0.192 0.663+/-0.137 1.278+/-0.105 1.843+/-0.174 
G19-2JWU 2.749+/-0.214 2.975+/-0.262 2.697+/-0.163 1.278+/-0.105 0.681+/-0.161 1.628+/-0.135 
G17-2KDM 2.899+/-0.301 2.898+/-0.230 2.760+/-0.194 1.843+/-0.174 1.628+/-0.135 0.804+/-0.232 

       
TM-score G1-2FS1 G11-2JWS G13-2KDL G29-1PGA G19-2JWU G17-2KDM 
G1-2FS1 0.823+/-0.085 0.549+/-0.045 0.529+/-0.045 0.369+/-0.013 0.378+/-0.016 0.339+/-0.015 

G11-2JWS 0.549+/-0.045 0.814+/-0.071 0.580+/-0.035 0.370+/-0.013 0.356+/-0.015 0.347+/-0.013 
G13-2KDL 0.529+/-0.045 0.580+/-0.035 0.865+/-0.042 0.406+/-0.017 0.398+/-0.015 0.368+/-0.017 
G29-1PGA 0.408+/-0.017 0.412+/-0.018 0.452+/-0.022 0.936+/-0.021 0.835+/-0.022 0.748+/-0.028 
G19-2JWU 0.420+/-0.021 0.395+/-0.020 0.442+/-0.019 0.835+/-0.022 0.932+/-0.026 0.756+/-0.031 
G17-2KDM 0.368+/-0.020 0.380+/-0.017 0.397+/-0.021 0.748+/-0.028 0.756+/-0.031 0.911+/-0.040 
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Table 2.5: (A) Average RMSD and TM-scores between different ensembles of the MD 

simulations. MD simulations show vigorous motions at the flexible N- and C- termini. 

Once the termini were removed (B) the similarity between the structures increases and 

the scores are closer to the values of the comparison between experimental structures in 

Table 2.2. 
 

While the drift with respect to the initial structures provided non-negligible signal, 

the signal was not strong and was sensitive to the structural templates at hand. We looked 

for a consistent prediction scheme that is less sensitive to a particular (and somewhat 

arbitrary) template choice. We therefore continued our investigation and reported below 

the results of scoring by the coarse-grained energy functions, using homology modeling 

and the structures sampled by the MD simulations. The structural assignment and 

correlation with melting temperature are summarized in Table 2.6.  
 

 
Table 2.6: Continued next page. 

(A)     

Experimental 1st NMR 
structure & crystal 

structure 
Sequence variant Prediction 

level T
m
 correlation T

m
 correlation 
p-value 

Template Energy 
function E/Z 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 

Number of 
correct 

predictions 

abs. 
vs.  
T

m
 

Δ  
vs.  
T

m
 

abs.  
vs.  
T

m
 

Δ  
vs.  
T

m
 

G
A
-WT/ 

G
B
-WT 

HL E a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 0.56 -0.37 9.7E-04 4.2E-02 
Z a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 0.12 -0.45 5.1E-01 1.0E-02 

MJ E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.26 0.13 1.5E-01 4.9E-01 
Z a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 -0.63 -0.55 1.4E-04 1.5E-03 

BT E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.44 -0.07 1.3E-02 7.2E-01 
Z a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 -0.08 -0.41 6.9E-01 2.2E-02 

TE E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.25 0.07 1.8E-01 7.2E-01 
Z a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.02 -0.03 9.3E-01 8.8E-01 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.29 0.10 1.1E-01 6.1E-01 
Z a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 -0.17 -0.12 3.6E-01 5.1E-01 

G
A
88/ 

G
B
88 

HL E a a a a a a a a a a a a b b b b b b b b b b b b b b b b b b b 28 0.54 -0.53 1.9E-03 2.0E-03 
Z a a a a a a a a a a a b b b b b b b b b b b b b b b b b b a b 28 0.28 -0.52 1.3E-01 2.5E-03 

MJ E a a a a a a a a a a a a a a a a a a a a a a a a a b a b b a a 18 -0.15 -0.67 4.3E-01 3.9E-05 
Z a a a a a a a a a a a a a a b b b b b a b b b a b b b b b a b 29 -0.36 -0.77 5.0E-02 3.2E-07 

BT E a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 0.03 -0.53 8.9E-01 2.3E-03 
Z a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.10 -0.54 6.0E-01 1.6E-03 

TE E a a a a a a a a a a a a a a a a b b b b b b b b b b b b b a b 29 0.41 -0.75 2.1E-02 1.0E-06 
Z a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 0.02 -0.60 9.1E-01 3.6E-04 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.37 -0.12 3.9E-02 5.1E-01 
Z a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b b 25 -0.29 -0.59 1.2E-01 5.3E-04 
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Table 2.6: Continued next page. 

G
A
95/ 

G
B
95 

HL E a a a a a a a a a a a a a a a a a a a b b b b b b b b b b a a 25 0.45 -0.71 1.2E-02 8.0E-06 
Z a a a a a a a a a a a a a a a a b b b b b b b b b b b b b a a 28 0.11 -0.73 5.5E-01 3.0E-06 

MJ E a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.31 -0.61 9.5E-02 2.9E-04 
Z a a a b b a b b b b b b b b b b b b b b b b b b b b b b b b b 20 -0.16 -0.13 4.0E-01 4.8E-01 

BT E a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 0.00 -0.45 1.0E+00 1.0E-02 
Z a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.11 -0.48 5.7E-01 5.9E-03 

TE E a a a a a a a a a a a a a a a a a a a a a a a a b b a b b a a 19 -0.03 -0.63 8.9E-01 1.3E-04 
Z a a a a a a a a a a a a a a a a a a a a a a b a b b b b b a a 21 -0.36 -0.65 4.9E-02 7.3E-05 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.41 0.11 2.1E-02 5.6E-01 
Z a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.18 0.03 3.4E-01 8.5E-01 

(B)    

Experimental 20 NMR 
structures & crystal 

structure 
Sequence variant Prediction 

level T
m
 correlation 

Template Energy 
function E/Z 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 

Number of 
correct 

predictions 

abs.  
vs.  
T

m
 

Δ  
vs.  
T

m
 

G
A
-WT/ 

G
B
-WT 

HL E a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b b 25 0.56 -0.30 
Z a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 0.16 -0.38 

MJ E b a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 17 0.25 0.15 
Z a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b b 25 -0.55 -0.44 

BT E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.40 -0.03 
Z a a a a b a a a b b b b b b b b b b b b b b b b b b b b b b b 23 -0.04 -0.31 

TE E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.23 0.07 
Z a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.02 -0.01 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.29 0.08 
Z a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 -0.21 -0.18 

G
A
88/ 

G
B
88 

HL E a a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b 27 0.54 -0.58 
Z a a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b 27 0.27 -0.51 

MJ E a a a a a a a a a a a a a a b b b b b b b b b b b b b b b b b 30 -0.12 -0.73 
Z a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 -0.28 -0.52 

BT E a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.04 -0.60 
Z a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.23 -0.62 

TE E a a a a a a a a a a b b b b b b b b b b b b b b b b b b b b b 26 0.31 -0.54 
Z a a a a a a a a b a b b b b b b b b b b b b b b b b b b b b b 25 -0.13 -0.46 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.37 -0.24 
Z a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.46 -0.61 

G
A
95/ 

G
B
95 

HL E a a a a a a a a a a a a a a a a b b b b b b b b b b b b b a a 28 0.45 -0.79 
Z a a a a a a a a a a a a a a a a b b b b b b b b b b b b b a b 29 0.12 -0.74 

MJ E a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.25 -0.57 
Z a a a a b a a a a a b b b b b b b b b b b b b b b b b b b b b 25 -0.41 -0.38 

BT E a a a a a a a a a a a a a a a a a a a a a a a a a a a b b a a 17 -0.06 -0.57 
Z a a a a a a a a a a a a a a a a a a a a a a b a a a a b b a a 18 -0.22 -0.62 

TE E a a a a a a a a a a a a a a a b b b b b b b b b b b b b b a a 29 0.06 -0.79 
Z a a a a a a a a a a a a b b b b b b b b b b b b b b b b b a b 29 -0.35 -0.78 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.35 0.07 
Z a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.01 -0.08 

(C)     

MOIL structural 
ensembles -100 ps Sequence variant Prediction level T

m
 

correlation 
T

m
 correlation 
p-value 

Template Energy 
function E/Z 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 

Number of correct 
predictions 

abs. vs. 
T

m
 

Δ 
vs. 
T

m
 

abs.  
vs.  
T

m
 

Δ  
vs.  
T

m
 

G
A
-WT/ 

G
B
-WT 

HL E a a a a a a a a a a a a b a b b b b b b b b b b b b b b b a b 30 0.48 -0.77 6.6E-03 3.2E-07 
Z a a a a a a a a a a a a b a b b b b b b b b b b b b b b b a a 29 0.08 -0.77 6.6E-01 7.7E-07 

MJ E b b b a b b b b a b a b b b b b b b b b b b b b b b b b b b b 19 -0.02 0.06 9.1E-01 7.6E-01 
Z a a a a a a a b a a a b b a b b b b b b b b b b b b b b b b b 27 -0.46 -0.65 9.8E-03 8.5E-05 

BT E a a a a a a a a a a a a b b b b b b b b b b b b b b b b b b a 27 0.04 -0.71 8.2E-01 7.1E-06 
Z a a a a a a a a a a a a b b b b b b b b b a b b b b b b b a a 27 -0.32 -0.78 8.0E-02 1.9E-07 
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Table 2.6: A summary of structural assignment obtained by alternative structural 

templates, five energy functions, and different scoring methods. (A) Predictions based on 

the experimentally determined first models of the NMR structures and the crystal 

structure of 1PGA for the templates. (B) Prediction based on all 20 experimentally 

determined NMR models and the crystal structure of 1PGA. (C) Prediction based on 

structures generated by 100-ps MD simulations. (D) Prediction based on structures 

generated by 400-ps MD simulations using the GA-WT/GB-WT templates. The prediction 

accuracy from 400-ps MD simulations is about the same as from 100-ps MD simulations. 

We therefore did not pursue further for longer production runs. The first column provides 

 

TE E a a a a a a a a a a a a b a b b b b b b b b b b b b b b b b b 29 -0.16 -0.69 4.0E-01 1.9E-05 
Z a a a a a a a a a a a a b a b b b b b b b b b b b b b b b b b 29 -0.43 -0.68 1.6E-02 2.5E-05 

THOM2 E a a b b b b b b b b a b b b b b b b b b b b b b b b b b b b b 19 0.32 0.01 8.1E-02 9.6E-01 
Z a a a b b b b b a a a a b a b b b b b b b b b b b b b b b b b 24 0.03 -0.19 8.8E-01 3.0E-01 

G
A
88/ 

G
B
88 

HL E a a a a a a a a a a a a b a b b b b b b b b b b b b b b b a b 30 0.60 -0.62 3.7E-04 2.2E-04 
Z a a a a a a a a a a a a b a b b b b b b b b b b b b b b b a b 30 0.30 -0.62 9.6E-02 2.0E-04 

MJ E b a b b b b b b a b b a b b b b b b b b b b b b b b b b b b b 19 0.13 -0.01 4.8E-01 9.6E-01 
Z a a a a a a a a a a a a a a a a b b b b a b b b b b b b b b b 27 -0.43 -0.71 1.6E-02 7.0E-06 

BT E a a a a a a a a a a a a a a a b a a a b a a b b b b b b b a a 24 -0.01 -0.59 9.4E-01 4.3E-04 
Z a a a a a a a a a a a a a a a a a a a a a a b b a b a b b a a 20 -0.23 -0.57 2.2E-01 7.5E-04 

TE E a a a a a a a a a a a a a a a a a a a a a b b b b b b b b a a 23 -0.22 -0.63 2.4E-01 1.3E-04 
Z a a a a a a a a a a a a a a a a a a a a a b b b b b b b b a a 23 -0.53 -0.65 2.3E-03 7.3E-05 

THOM2 E a a b a b b b b a b b b b b b b b b b b b b b b b b b b b b b 20 0.37 -0.27 3.9E-02 1.4E-01 
Z a a a a a a a a a a a b a a a b b a a a a b b b b b b b b a a 24 -0.36 -0.59 4.4E-02 4.5E-04 

G
A
95/ 

G
B
95 

HL E a a a a a a a a b a b a a a b b b b b b b b b a b b b b b b a 26 0.58 -0.54 6.3E-04 1.8E-03 
Z a a a a b a a a a a a a a a b b b b b a b b b a b b a b b b a 25 0.18 -0.58 3.4E-01 6.9E-04 

MJ E b b b b b b b b b a b b b b b b b b b b b b b b b b b b b b a 16 0.00 0.09 9.8E-01 6.4E-01 
Z a a a a a a a a a a a a a a a b a b b b a b b b a b b b b b a 25 -0.65 -0.66 7.4E-05 6.3E-05 

BT E a a a a a a a a a a a a a a a b a a b a a a a b a b a b b a a 21 0.12 -0.53 5.3E-01 2.0E-03 
Z a a a a a a a a a a a a a a a b a a a a a a a b a b a b b a a 20 -0.13 -0.51 4.8E-01 3.4E-03 

TE E a a a a a a a a a a a a a a b b a b b a a a b b a b b b b a a 25 -0.18 -0.65 3.2E-01 6.8E-05 
Z a a a a a a a a a a a a a a b b a b b a a a b b a b b b b a a 25 -0.44 -0.67 1.2E-02 4.3E-05 

THOM2 E a a b b b b b b b b b b b b b b b b b b b b b b b b b b b b b 18 0.32 0.05 8.0E-02 7.7E-01 
Z a a b b b a b b b a b b b a b b b b b a b b b a b b b b b b b 19 -0.30 -0.16 9.8E-02 4.0E-01 

(D)    
MOIL structural 
ensembles- 400 ps Sequence variant Prediction 

level T
m
 correlation 

Template Energy 
function E/Z 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 

Number of 
correct 

predictions 
abs. vs. T

m
 Δ vs. T

m
 

G
A
-WT/ 

G
B
-WT 

HL E a a a a a a a a a a a a b a b b b b b b b b b b b b b b b a b 30 0.49 -0.76 
Z a a a a a a a a a a a b b a b b b b b b b b b b b b b b b a a 28 0.11 -0.76 

MJ E b b b a b b b b a b a b b b b b b b b b b b b b b b b b b b b 19 -0.01 0.05 
Z a a a a a a a b a a a b b a b b a b b b b b b b b b b b b b b 26 -0.47 -0.62 

BT E a a a a a a a a a a a a b b b b b b b b b b b b b b b b b a a 28 0.02 -0.72 
Z a a a a a a a a a a a a b a b a b b b b b a b b b b b b b a a 27 -0.33 -0.77 

TE E a a a a a a a a a a a a b b b b b b b b b b b b b b b b b b b 28 -0.16 -0.71 
Z a a a a a a a a a a a a b b b b b b b b b b b b b b b b b b b 28 -0.45 -0.70 

THOM2 E a a b b b b b b b b a b b b b b b b b b b b b b b b b b b b b 19 0.28 -0.03 
Z a a a b b b b b b a a a b b b b b b b b b b b b b b b b b b a 21 -0.15 -0.24 
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the structural templates used. The second column lists the energy functions (see Section 

2.2 for more details). The third column indicates the scoring method, using either the 

energy (E) or the Z-score (Z). The fourth column shows the prediction results for all 31 

sequences. The character “a” indicates a prediction of a 3α-helical bundle and “b” is a 

prediction of a 4β+α fold. The incorrect predictions are in red. The fifth column provides 

the number of correct predictions for a particular experiment, where the total number of 

predictions is 31. We considered 25 correct predictions (80%) as a success. THOM2 was 

above the threshold only once. The sixth column reports the Pearson correlation 

coefficients. We considered the correlation of the melting temperature (Tm) with respect 

to the energies (or the Z-scores). We also considered the same correlation with respect to 

the difference (Δ) between the energies (or Z-scores) of the correct and incorrect 

sequence-structure matches. We also reported the p-values for the correlation in the 

seventh column in (A) and (C). The correlation is significant in many entries and is 

particularly high for the HL entries in (C) (p-value ≈ 10-7).  
 

Structural assignment by using only the first NMR model and all 20 NMR models 

was similar, except for MJ and THOM2 in the G88 set and TE in the G95 set. This 

observation suggests that conducting MD simulations starting only from the first NMR 

model was sound. From Table 2.6 (A) and (B), we noticed that structural assignment was 

not successful when using the wild-type structures (GA-WT/GB-WT) as the templates. For 

design of new protein switches, this result is discouraging since we are most likely to 

start the search using wild-type sequences and structures. None of the five energy 

functions was able to identify the correct structure of G11 to G14, and G30. Most GA 

sequences were incorrectly classified as GB proteins, while all GB proteins were predicted 

correctly. This suggests (according to the energy functions used) that the GB structure is 
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inherently more stable and that it has larger capacity for sequences. The study of the 

network of sequence flow[35] already made the observation about the high capacity of β-

sheets for sequences. Here it shows that a wider range of energy functions can also point 

to a general problem in force fields. 

When using the structures that were determined closer to the switching point (G88 

and G95) the picture of structural assignment was more mixed. For example, using 

GA88/GB88 and GA95/GB95, BT failed on almost all GB sequences. Predictions by the Z-

scores were not worse than that by the energies most of the time except for THOM2 in 

the G88 set using all 20 NMR models. HL consistently had a higher prediction accuracy 

than the other energy functions. Using the Z-scores, HL incorrectly predicted 5 (out of 

total of 31) sequences in the wild-type set, 4 sequences in the G88 set, and 2 sequences in 

the G95 set using all 20 NMR models. We noted that HL requires atomic coordinates 

while the other energy functions require only the positions of side chains, making the 

later cheaper to compute. On the other hand, MD simulations, which increase prediction 

accuracy significantly, require atomic models anyway. 

In Table 2.6 (B) the best correlations between the energy difference and the 

melting temperature are from HL and TE in the G95 set (Pearson coefficient of -0.79) 

and from MJ in the G88 set (Pearson coefficient of -0.73). While the correlation 

coefficients in these cases are quite good, the overall results for structural assignment are 

too erratic and difficult to generalize. It is remarkable that high similarity in the overall 

folds of the GA-WT/GA88/ GA95 structures and in GB-WT/GB88/ GB95 structures led to 

such prediction instabilities.  

One difficulty with the described modeling experiments is of limited structural 

sampling. The relatively small number of structural templates and the on/off 

characteristics of the energy functions, which are discontinuous at the cutoff distances, 
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make them sensitive to structural fluctuations. A remedy to this problem was suggested 

by P. Cossio, et al.[71], in which short MD trajectories were computed in the 

neighborhood of the initial structures and generated alternative conformations for 

scoring. All conformations sampled from the MD trajectories were scored and the scores 

were averaged. We generated 100 conformations for each sequence-structure match as 

described in Section 2.5. Table 2.6 (C) and (D) report the prediction results. We observed 

higher prediction accuracy of structural assignment using GA-WT/GB-WT as the 

templates and improved correlation between the energy difference and the melting 

temperature. Also, as we expected, 100-ps MD simulations were able to make accurate 

fold prediction and meaningful Tm correlation. Running longer MD trajectories with 400 

ps did not improve the results. 

We expected decreased accuracy of fold prediction for the sequences closer to the 

switching point, since the sequences are closer to sequences that belong to the alternative 

fold. It is surprising that the fold prediction by homology modeling using GA-WT/GB-WT 

as the templates was poor compared to the prediction using the templates closer to the 

switching point (the G88 and G95 sets). In contrast, the results using structures sampled 

from MD trajectories were more consistent and the correlation with the melting 

temperature was higher.  

As argued above the most promising templates are the wild-type structures since 

they are readily available in the beginning of the design process from public databases. 

Several energy functions are quite successful in the GA-WT/GB-WT set. HL failed on 

only G13; BT failed on G13, G14, G30 and G31; TE failed on G13 and G30. These 

energy functions showed good correlation with the melting temperature when the 

difference between the energies of a sequence in the two folds were used. The correlation 

coefficients of the melting temperature with the energy difference are -0.77 for HL, -0.71 
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for BT, and -0.69 for TE (Figure 2.3), which are significantly better than what we 

observed for the correlations using absolute energy or Z-score. A similar acceptable 

correlation (≥0.65) was obtained from using Z-score difference in all energy functions 

except for THOM2 (Figure 2.4). Note also the small p-values reported for the correlation 

between the melting temperature and the energy or Z-score difference for HL, BT and 

TE. (Table 2.6 (C), Figures 2.3 and 2.4). 
 

 
Figure 2.3: Correlation plots between experimental melting temperature and the 

difference in the energies (HL-MOIL, BT-MOIL, MJ-MOIL, TE-MOIL, and THOM2-

MOIL) computed using structural ensembles generated by the MD simulations for the 31 

sequences. GA-WT /GB-WT were the templates. ΔE-MOIL values were normalized 

between -1 and 1.  
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Figure 2.4: Correlation plots between experimental melting temperature and the 

difference in the Z-scores (HL-MOIL, BT-MOIL, MJ-MOIL, TE-MOIL, and THOM2-

MOIL) computed using structural ensembles generated by the MD simulations for the 31 

sequences. GA-WT /GB-WT were the templates. ΔZ-MOIL values were normalized 

between -1 and 1.  
 

Considering the connection between structural fluctuations in MD simulations 

and evolution of protein structures, it was suggested that the same conformational space 

is used.[80] That is, the parts of a structure that are more flexible, such as loops and loose 

N- and C-termini, and are sampled as such in MD simulations are more accessible for 

non-disruptive mutations. It is of interest to explore the position and the impact of 

mutations on structural fluctuations in MD simulations for the protein switches. Figure 

2.5 provides the amino acid fluctuations at all positions estimated from the 100-ps MD 

trajectories for the 31 GA and GB sequences. The fluctuations were reported as a function 

300 310 320 330 340 350 360 370
−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

Tm (K)

No
rm

al
ize

d 
∆

Z−
M

O
IL

 

 

rHL = −0.7716

p−valueHL = 3.7401e−07

rBT = −0.78305
p−valueBT = 1.9226e−07

rTE = −0.68044

p−valueTE = 2.5342e−05

HL
BT
TE

300 310 320 330 340 350 360 370
−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

Tm (K)

No
rm

al
ize

d 
∆

Z−
M

O
IL

 

 

rMJ = −0.6465

p−valueMJ = 8.519e−05
rTHOM2 = −0.19136

p−valueTHOM2 = 0.30243

MJ
THOM2



 40 

of the sequences. The transition from the 3α-helical structures to the 4β+α folds occurred 

between sequences 14 and 15 and between sequences 30 and 31. Six frames were 

provided for different ranges of positions to reduce the complexity of the figure. It is 

clear that the 3α-helical structures are significantly more flexible than the 4β+α 

structures, especially at the N-and C-termini. This is also consistent with the smaller 

RMSD and larger TM-scores of the GB structures that were reported in Table 2.5. The 

critical mutation at residue 45 between sequences 14 and 15 is found at the beginning of a 

loop in the 4β+α structure. However, it is in the middle of a helix in the 3α-helical fold. 

Therefore, it is more likely to be a disruptive mutation. Interestingly, the level of 

fluctuations remained roughly the same throughout the mutational process until the 

transition point (sequence 14) was reached. There was no monotonic decrease in the 

fluctuations as a function of sequence similarity to the GB proteins, suggesting that the 

transition between the two structures is very sharp and no gradual transformation of 

flexibility between the 3α-helical fold and the 4β+α fold is observed. 
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Figure 2.5: Continued next page. 
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Figure 2.5: The fluctuations at each of the 56 positions computed from the short MD 

simulations are reported as a function of the 31 sequences. Each line represents one 

amino acid position and the plots are separated into six frames for clarity. See text for 

more details. 

2.8 CONCLUSIONS 

In this study we investigated the feasibility of using a rapid computational model 

to quantitatively assign structures for switch sequences. We expected an increase in the 

difficulty of fold prediction as the mutational process approaches the switching point in 

which the proteins are only marginally stable. We illustrated that a combination of MD 

simulations and knowledge-based energy functions provides sound and consistent fold 

prediction (The prediction accuracy is higher than 80%, while a random prediction is at 

50%). The procedure was reasonably efficient and was considerably promising for 

comprehensive sequence sampling of the current protein switches. We also pointed to an 

unusual correlation between the melting temperature and the difference in the coarse-

grained energies between correct and incorrect sequence-structure matches. In practice, 

this energy difference correlated with the melting temperature much better than other 

reference states that we tried, such as randomizing the interaction between amino acids 

by sequence shuffling or setting the interaction between the amino acids and water 

molecules to zero. Binding assays of the GA and GB mutants at the switching point 

suggested co-existence of the two folds.[11] A speculation, which is consistent with the 

experimental observation and the good correlation between the energy difference and the 

melting temperature, is that the unfolded states of the protein switches are enriched with 

contacts of the alternative structure. Of course, this does not imply that in general 

unfolded states of proteins have contact distribution that resembles a concrete structure. 
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For other proteins there is considerable evidence supporting the idea that unfolded 

proteins behave like random polymers.[81]  

The observation that the predictions were sensitive to the structural template 

motivated the use of MD simulations for sampling conformations in the neighborhood of 

a particular structure. MD simulations reduced the sensitivity of energy functions to a 

particular fold by additional averages. In particular, the MD simulations worked best 

when using the wild-type structures as the templates and adequately predicted the melting 

temperature.  

It will be interesting to see if the same procedures applied here work for other 

protein switches, such as the Cro proteins[18] and Arc repressors[82]. However, unlike 

Protein G sequences, which are of the same length and are monomers, the other protein 

switches are not equal in length and they assemble to complexes of more than one chain, 

which complicates the proposed study. 

In Chapter 3, we extended the current computational model to sampling in 

sequence space. This sampling makes it possible to generate sequence profiles and to 

propose, in a statistical meaningful way, hot spots in sequence that lead to protein 

switches. 
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Chapter 3:  Exploring Sequences of Fold Switches in Binary Sequence 
Space2 

In this chapter I continue to build on the pioneering experimental work by 

Alexander et al.[11], who designed a GA and GB switching system between a 3α-helical 

fold and a 4β+α fold. In Chapter 2 I discuss a computational model that we developed to 

assign the experimental GA and GB sequences to their corresponding structures. I 

illustrated that our method, by using short MD trajectories to enrich structural ensembles 

of homology models, provides accurate and consistent fold prediction for the protein 

switches. In a follow-up study we extended our method of structural assignment to enable 

large-scale sequence sampling. We focused on the sequences at the switching point, that 

is, the interface in sequence space that divides the sequences of the two folds. A sequence 

is said to be at the interface between the two folds if a point mutation can be found that 

changes its structure from one stable fold to another. To assign a sequence to a fold we 

considered the scores of the sequence in the two folds using a scheme that we formulated 

in Chapter 2. 

In the following sections, I will explain how we conducted a comprehensive 

sequence sampling by binary flips with multiple fitness criteria to identify new switch 

sequenes given the experimental folds. In a binary flip the amino acid at a non-identical 

position along the alignment between the sequence pair is changed from the original 

amino acid to the amino acid of the other sequence of the pair at that position. Back 

mutation is allowed in this process. It is “binary” because the choice of an amino acid at a 

non-identical position is limited to one of the amino acids of the two sequences. This 

method has been frequently used in experiments to design protein switches since the 
                                                
2Part of the material of this chapter is taken from a work published with my advisor, Prof. Ron Elber, and 
our collaborator, Prof. Jaroslaw Meller. Reproduced in part from Protein Sci., 2016, 25(1), 135-146. 
http://onlinelibrary.wiley.com/doi/10.1002/pro.2723/abstract 
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Paracelsus Challenge, which was discussed in Chapter 1.[7-12, 37, 38] The sequences 

that we sampled were examined using different filters to determine the likelihood that 

they are protein switches. We used a combination of contact energy, secondary structure 

prediction, and finally MD simulations. Statistical properties of switch sequences were 

discussed and illustrated to be most sensitive to a point mutation near the N- and C- 

termini of the protein switches. Based on this analysis, we identified and proposed a 

particularly stable putative protein switch pair for further experimental and computational 

analysis. 

3.1 STOCHASTIC SAMPLING OF SEQUENCES BY BINARY FLIP 

In Chapter 2 our study of the protein switches GA and GB focused on sequences 

that have been analyzed experimentally[11, 12, 83]. These experimental observations 

were critical for assessing accuracy of the structural assignment and for further 

refinement of the computational model. In the current investigation we build on the 

enhanced accuracy of the model and sample millions of sequences at the interface 

between the two folds. The larger sample size makes it possible to perform significant 

statistical analysis of these rare and special sequences.  

We denote a sequence by S and a structure by X. SA is a sequence that folds to 

structure XA. A similar notation is used for the B sequences and structures. We further 

denote an amino acid at position j (aj), which belongs to fold A or B, by aAj or aBj, 

respectively. 

The sequence space that we considered, following the original experimental 

procedure[11, 83], is the binary sequence space of the aligned sequences of the two wild-

type proteins (GA-WT/G1 and GB-WT/G29). This means that any site j along a sequence 

can have one of the two amino acids, aAj or aBj . The alignment is trivial in this case 



 46 

because the proteins are of the same length with 56 amino acids and one-to-one matching 

was used. Table 3.1 shows the alignment of the two wild-type sequences. Because only 

47 of the 56 amino acids are different between the two sequences, the total number of 

possible sequence variants in the binary sequence space is 247 ≈1014 . Even though the 

total number of binary flips is much smaller than 2047  for all twenty amino acid types, 

the search space is still so large that it presents a significant challenge for exhaustive 

enumeration. We illustrate below that efficient sampling by a Markov chain can be 

conducted which provides statistically converged results for some observables. The 

sampling process is Markovian since the acceptance or rejection of the new sequence 

depends only on the current and the newly generated sequences. 
 

 
Table 3.1: Alignment of the two wild-type sequences of the protein switch. The 47 non-

identical positions are in red, while the rest of the 9 identical positions are in black. 
 

We denote the current sequence by SC, and the current fold by XC. SN denotes the 

newly sampled sequence, and XN is the associated fold. C and N can be either fold A or B. 

The length of the Markov chain of sampled sequences is l, where l ∈ 0,107⎡⎣ ⎤⎦ . The 

sampling began with one of the wild-type sequences. A non-identical position j along the 

sequence that belongs to fold A (or B) was chosen uniformly and at random and the 

identity of amino acid aAj was substituted for aBj (or aBj for aAj) in a new trial sequence. 

The new sequence was then assessed using the contact maps of the two wild-type 

structures, the first NMR model of G1 and the crystal structure of G29. The two 

sequence-structure matches were then scored by the HL energy function[62] and the 

sequence was assigned to a structure according to Eq. 3.1. 
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If           ScoreSN ,XA

− ScoreSN ,XB
< 0 ∧  ScoreSN ,XA

< thresholdXA ,  then SN ∈ XA

Else if   ScoreSN ,XA
− ScoreSN ,XB

> 0 ∧  ScoreSN ,XB
< thresholdXB ,  then SN ∈ XB        (3.1)

Else      SN ∉ XA ∨XB       SN = SC                                                                           
   

Eq. 3.1 forms the base for four sequential filters that we used to identify switch 

sequences. In three of the four filters, including the sampling phase, ScoreS ,X  is the HL 

energy, EHL . In the second filter, ScoreS,X  includes secondary structure information 

and is discussed in detail in Section 3.3. The thresholds, thresholdXA and thresholdXB , are 

the EHL  values of the two wild-type sequences, -22.55 RT and -37.05 RT, in fold A and 

in fold B, respectively. R is the ideal gas constant, and T is temperature. Based on our 

study of the 31 experimental sequences discussed in Chapter 2, all 14 experimental GA 

mutants and 15 experimental GB mutants were lower in the HL energy than GA-WT and 

GB-WT, respectively. Accordingly, this selection scheme samples sequences such that 

their HL energies are lower than the energy of the wild-type sequences in their native 

folds. Including the thresholds in the sampling scheme adds absolute measures of 

sequence-structure fitness besides the difference between ScoreSN ,XA  and ScoreSN ,XB , 

which measures the relative fitness. Similar cutoffs were also used in the construction of 

the “network of sequence flow”[35].  

If the HL energy of SN in one of the two folds is lower than the other and if the 

energy is lower than the threshold of the corresponding lower-energy fold, then SN is 

accepted and set to SC. If the designated fold of SN is the same as the fold of SC, it is 

accepted as a foldable non-switch sequence. Otherwise, the two sequences, SN and SC, 

form a switch pair. The series of accepted sequences generated a Markov chain of switch 

and non-switch sequences that were further filtered as described in Sections 3.2 - 3.5. 

To test the statistical convergence of the stochastic sampling, we evaluated the 

sensitivity of the results on the initial conditions of the sampling. We considered the 
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probability that a particular site j along the sequence contributes to a structural switch. In 

other words, the probability that a binary flip of a sequence at that site is identified as a 

protein switch regardless of the state of the rest of the sequence. This profile of a switch 

sequence is useful in identifying “hot spots” for a single point mutation that causes a 

structural switch and is therefore of considerable interest. To examine the convergence of 

the profile we repeated the sampling using two starting points. One initiator of the 

Markov chain was the wild-type GA sequence in fold A, G1, and the other initiator was 

the wild-type GB sequence in fold B, G29. (See also Table 3.1.) For each starting 

sequence, we conducted 10 independent runs where different sampling seeds were used 

to generate alternative Markov chains. As illustrated in Section 3.6, the probability 

distributions of protein switches generated with different initial sequences are very 

similar, supporting our assessment of statistical convergence of the profile. 

3.2 SECONDARY STRUCTURE PREDICTION 

In Chapter 2 we found that the contact maps of the wild-type proteins alone were 

not sufficient to obtain fold prediction with high accuracy for the experimental sequences 

using coarse-grained energy functions (only 26 of the 31 sequences were correctly 

predicted by HL). However, if we enriched the conformations in the neighborhood of the 

initial structures created by homology modeling with structures obtained from a relatively 

short (100 ps) MD simulations, the accuracy of fold prediction improves. The number of 

correct predictions increases to 30 of the 31 sequences. A larger sample size of the 

structural templates reduce statistical errors and provides more accurate structural 

assignments as recommend in ref[71]. However, the MD simulations are too expensive to 

be conducted for all the millions of sequences that we sample in the current study. 

Therefore, we implemented an intermediate rapid filter using a linear combination of the 
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HL energy and a secondary structure prediction score calculated by the Solvent 

AccessBiLitiEs program (SABLE)[84]. 

Complementary to the contact energy, which relies on the 3-D structure of the 

target protein, secondary structure prediction is based on information derived from 

evolutionary profiles of protein families. Specifically, SABLE (as well as Psi-Pred[85]) 

uses PSI-BLAST[31] to generate Position Specific Scoring Matrices (PSSMs) derived 

from iteratively improved alignments of multiple related sequences of the target protein 

in the non-redundant database (here we used NCBI’s nr database). The use of 

evolutionary profiles, coupled with inherently statistical nature of the predictions that 

assign probability of observing an amino acid in each of the three common secondary 

structures, i.e., helix, strand or coil, allows one to estimate the propensity for each of the 

secondary structures. As a result, regions prone to undergoing transition between two 

different states, e.g., helix vs. strand, can be predicted by comparing propensity for the 

states. In fact, prediction of conformationally labile regions and local switches based on 

secondary structure predictions has been proposed in the past[86, 87]. In this study we 

were testing the hypothesis that such propensities for secondary structures could also be 

used for the more challenging prediction of the overall fold change. While this 

evolutionary signal can provide insights into the source of fold instability and switching, 

it should be noted that the disadvantage of the secondary structure function is that there is 

no simple physical interpretation to its functional form. 

To construct standard templates for secondary structure prediction per site we 

considered the two wild-type sequences, G1 and G29, as the target sequences. We used 

“targeted” Position Specific Scoring Matrices (targeted PSSMs) of G1 and G29 to verify 

the secondary structures of the 31 experimental sequences and to predict the secondary 

structures for all sampled switch sequence pairs in the first random sampling from each 
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of the two wild-type sequences. PSSM is a T-by-L matrix, where T is the number of 

amino acid types and gaps (T=21), and L is the length of the sequence of interest (L=56). 

Each element in the matrix corresponds to the log-odds score of the amino acid 

substitution at that position in the sequence. The log-odds scores were calculated from the 

multiple sequence alignment of the related sequences pulled out by Position-Specific 

Iterated BLAST (PSI-BLAST) from NCBI’s nr database. Instead of re-constructing 

PSSM for every sequence (an approach that would be computationally expensive as 

PSSM would need to be recomputed for each query sequence, and it might introduce 

instabilities in multiple alignments for intermediate sequences equally distant from both 

folds), we used the PSSMs of the two wild-type sequences as the templates. We named 

this method as “targeted PSSM.” The rationale behind targeted PSSM is similar to 

threading. In threading, the sequence of interest is accommodated in the 3-D structure of 

the template using a contact map of the native structure. In targeted PSSM the sequence 

of interest is accommodated in the secondary structure of the native template. In this 

regard, it should be noted that SABLE was designed to accommodate changes in the 

amino acid sequence on the background of (near) constant PSSM by incorporating single 

sequence (in addition to PSSM-derived) features into the input of the method[84]. Such 

design enables successful identification of conformational changes induced by single 

amino acid substitutions before[88, 89]. 

The results of targeted PSSM were expressed as probability distribution, which is 

the probabilities of the three common partitions of secondary structures, the probabilities 

of being in an α helix (H), in a β sheet (S), and in a coil (C). We calculated a secondary 

structure prediction score of a sequence Sx by targeted PSSM using the Kullback-Leibler 

divergence, DKL.  
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DKL(Sx||G1) expresses deviation between the probability distributions of a template, G1, 

and the sequence of interest, Sx. DKL(Sx||G29) is a similar expression where G29 serves as 

the template. The probabilities PSx ,i ( j) , PG1,i ( j) , andPG29,i ( j)  are for aj in Sx, G1, and 

G29, respectively, to adopt a secondary structure type i (either H, S, or C). At each 

position j, the sum of the probabilities of H, S, and C was normalized to 1. DKL is always 

greater than or equal to zero. It is zero when the probability distribution of the target 

sequence is identical to the probability distribution of the template. Hence, the smaller the 

value of the divergence, the more similar is the target to the template. 

To predict a fold for each of the 31 experimental sequences we used Eq. 3.1 

except that we replaced the HL energy, EHL , by the divergence measure, DKL . In 

addition, we did not use the thresholds. 

The results are summarized in Table 3.2. DKL correctly assigned 29 out of 31 

experimental sequences to their native structures, which matches the success rate of the 

HL energy function scored on the refined atomically detailed models by the program 

MODELLER[90]. MODELLER uses homology modeling to generate a 3-D structure of 

the target sequence. In this test the target sequence was one of the experimental 

sequences, excluding the two wild-type sequences, which served as the templates. The 

two sequences that DKL failed upon are G15 and G17, which are both GB sequences. As 

the sequences that HL failed on are all GA sequences, we expected DKL to supplement the 

HL energy in our task. This observation motivated a combination of the two scores. 
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Table 3.2: Fold prediction on the 31 experimental sequences using DKL or EHL. The 

sequence indices that fold into B are highlighted in gray. The wild-type sequences are 

colored. The wild-type GA and GB sequences are 1 and 29, respectively. (1), (2), and (3) 

are results from Chapter 2 included in this table for easy comparison with DKL. (1) 

Models were built by sequence replacement in the first NMR model of G1 and the crystal 

structure of G29 and scored using the contact maps of the wild-type structures by the HL 

energy function. (2) The models were refined by the homology modeling software 

MODELLER[90] (see text for more details) and new contact maps were constructed and 

scored by the HL energy function. (3) The structures were generated by 100-ps MD 

simulations using the MD software MOIL[74] as discussed in Section 2.5 and scored by 

the HL energy function. “a” and “b” denote 3α and 4β+α folds, respectively. The 

characters in red are incorrect predictions. Overall the accuracy of the predictions using 

DKL is comparable to that obtained by EHL for the refined models. Moreover, the two 

entities complement each other. DKL performed better in GA sequences while EHL did not 

err in GB sequences. 

3.3 A LINEAR COMBINATION OF COARSE-GRAINED ENERGY AND SECONDARY 
STRUCTURE PREDICTION SCORE 

The HL energy and the secondary structure divergence score capture different 

structural and evolutionary signals. The former uses contacts between amino acids that 

are far along the sequence, or patterns of tertiary structure. The latter predicts local 

information, such as the values of the backbone dihedral angles, or patterns of short-



 53 

range hydrogen bonding. Hence, a combination of the two scores is likely to be 

complementary.  

In order to optimize and validate weights (adaptive parameters) for a consensus 

model that combines the two scores, we need appropriate training and test sets. The 31 

experimental sequences form a sample size that is too small for an effective multiple 

sequence alignment and for verification by means of cross-validation. Accordingly, to 

increase the number of sequences in the sample that could be used to increase the size of 

the training and test sets to validate a combined score, we used G1 and G29 as the query 

sequences to find homologous sequences in nr using PSI-BLAST and in GA and GB 

domain profiles from the Conserved Domain Database (CDD)[91] using Reversed 

Position-Specific BLAST (RPS-BLAST). As implied in the terminology, PSI-BLAST 

and RPS-BLAST are opposite of each other. PSI-BLAST searches a profile of a query 

sequence against a database of sequences (e.g. nr), while RPS-BLAST searches a query 

sequence against a database of profiles (e.g. CDD). We aligned such identified 

homologous sequences to the corresponding query sequence by the pairwise sequence 

alignment option of the clustalw-2.1 program[92] to extract the parts of the homologous 

sequences that are related to the GA and GB sequences. The alignment used one of the 

BLOSUM matrices (80, 62, 45 and 30). The particular choice of the matrix was made 

internally, depending on the evolutionary distance between the aligned sequences. Gap 

opening penalty of 10 and gap extension penalty of 0.5 were used. We removed 

redundant sequences and those with uncertain homology-based assignment or 

inconclusive functional annotations to ensure that only unique GA- and GB-related 

sequences were included in the database. As a result, we obtained 10 GA sequences and 

63 GB sequences (listed in Table 1 in Appendix), of which 2 GA and 37 GB, respectively, 

have resolved structures and were thus experimentally validated. The remaining 
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sequences in our expanded database constitute 8 GA and 26 GB putative sequences, 

classified as such based on their sequence similarity and UniProt and Ensembl functional 

annotations for the proteins that these sequences were derived from. These sequences 

were used for training and validation in addition to the original 15 and 16 experimental 

GA and GB sequences, respectively. The 31 experimental sequences were listed in Table 

2.1 in Chapter 2. 

 We considered a simple linear combination of EHL and DKL with one parameter λ 

to be determined to improve the accuracy of the scoring function. The functional form is 
 

Ecomb = EHL +λDKL                                                 (3.3)

  

                                                 

For both EHL and DKL, the lower the values, the better the scores. We determined λ by 

optimizing the scoring accuracy of Ecomb as a function of one variable and conducting a 

halving search. The results are reported in Table 3.3. 
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Table 3.3: Continued next page. 
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Table 3.3: Structural prediction using a linear combination of EHL and DKL in training on 

half (fifteen) of experimental sequences and half of the extended database chosen at 

random, and testing on the rest of the sixteen experimental sequences and the other half 

of the extended database. The single incorrect prediction in the test set is shown in red. 

Error is the sum of the absolute differences of the combined scores of incorrect predicted 

sequences embedded in the two folds. The training converged at λ of 0.65 as the error did 

not decrease further. We used λ of 0.65 in the new scoring function. 
 

The new scoring function with optimal linear coefficient λ for the training set is: 
 

Ecomb = EHL + 0.65DKL                                                 (3.4)

      

                           

 Since PSSM was computed only for the two target sequences, while single sequence 

features can be computed at constant time, this approach was very efficient and could be 

applied in the context of large-scale sampling for the network of sequence flow. Here, 

Eq. 3.4 was used to evaluate the predictions of switch sequences made by the initial 

sampling, that is, the prediction of 298,065 switch pairs starting from G1 and 298,158 

switch pairs starting from G29. The selection process of sequences was the same as in 

Eq. 3.1 except that no threshold was used. The scoring function ScoreS,X  here is the 

combined score Ecomb. We focused on the switch sequences, and only the sequences that 

remained as switch pairs after the above filter were forwarded to the next filtering step, in 

which we refined structural models by using the homology modeling software 

MODELLER[90] to build atomic structures for each switch sequence in the two folds and 

adjusted the contact maps according to the new structures. 
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3.4 HOMOLOGY MODELING BY MODELLER 

Structural models were built using MODELLER[90] for switch sequence pairs 

that were confirmed by the new scoring function (Section 3.3). New contact maps were 

calculated and the structures were re-scored by the HL energy function. Structural 

assignment of the switch pairs was based on Eq. 3.1 where the scoring function ScoreS,X  

is EHL. 

If a pair of sequences was no longer identified as a switch pair, they were 

removed from the set. We wished to select top switch sequences for more detailed 

analysis, which we achieved by examining the stability of each sequence in its 

corresponding fold. That is, we wanted both switch sequences to be maximally stable. 

We calculated the sum of the absolute value of the HL energy differences, ΔE, for the 

switch pair in the two folds. These differences presented energy gaps between the two 

folds that we wished to maximize.  
 

ΔE = EHL,SA ,XA
−EHL,SA ,XB

+ EHL,SB ,XA
−EHL,SB ,XB

                          (3.5)                               

EHL,SA ,XA  and EHL,SB ,XA  are the HL energies of the switch sequence pair SA and SB in fold 

A after homology modeling , respectively. Similarly EHL,SA ,XB  and EHL,SB ,XB  are the HL 

energies of the pair in fold B. The top 25 switch pairs that had the largest ΔE values were 

further analyzed using MD simulations.  

3.5 FINAL FILTER BY MOLECULAR DYNAMICS SIMULATIONS 

We used the same MD simulation protocol as stated in Section 2.5. The protein 

was embedded in a periodic box of (65 Å)3, Ewald sum[76] was to compute electrostatic 

interactions and the real space distance cutoff was 9.5 Å. The water model was 

TIP3P[75]. The score of a sequence in a switch pair in one fold was the average HL 

energy of the 100 conformations that were sampled every 1 ps at 300 K during a 100-ps 
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MD trajectory. We then calculated the energy gap, ΔE, using Eq. 2.5. Here,EHL,SA ,XA , 

EHL,SB ,XA , EHL,SA ,XB , and EHL,SB ,XB are the average HL energies calculated using the 

corresponding 100 sampled conformations of each sequence-structure match. The switch 

pair with the largest energy gap was subjected to a longer production run, a 40-ns MD 

simulation. We collected 40,000 conformations and measured Cα-RMSD between the 

structure in the beginning of the production run and the structures during the production 

run. The length of simulations was clearly insufficient to detect switching events. 

However, the length was sufficient to probe the local stability and fluctuations of the 

protein in the neighborhood of their assumed native state. 

3.6 RESULTS AND DISCUSSION 

To assess convergence of the samplings, each with 107 binary flips, we consider 

the complete set of sequences that we sampled. This set was divided into two, the set of 

switch sequence pairs and the set of non-switch sequence pairs. Each sequence pair 

differs by a point mutation at one site. We defined a transition probability Pj, which is the 

probability that a point mutation at site j flipped the protein fold. To distinguish between 

mutations that caused switch and those that did not we defined Pj,switch and Pj,non-switch. We 

estimated Pj numerically by taking the average of the independent Markov chains 

k = 1,...,L , where in our case L  is equal to 10.  
 

Pj,switch =
1
L

Nswitch, j,k

Nswitch,kk=1

L

∑

Pj,non−switch =
1
L

Nnon−switch, j,k

Nnon−switch,kk=1

L

∑                                      (3.6)                                                        
 

Nswitch,k is the total number of switch pairs found in a Markov chain k, and Nswitch,j,k is the 

number of switch pairs where the point mutation was found at the non-identical position j 
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along the alignment between the two wild-type sequences in the Markov chain k. Similar 

definitions follow for the non-switch pairs as Nnon-switch,k and Nnon-switch,j,k.  

Figure 3.1 shows the computed transition probabilities. The probabilities 

computed with different sampling seeds are highly similar. Furthermore, the average 

probabilities computed from the samplings that started with two different initial 

sequences overlap exceptionally well. We concluded that for the function of interest, Pj , 

the sampling converged.  

If the sampling is uniform at every non-identical position, the average probability 

of making a point mutation at these positions should be equal to 1/47= 0.021. Indeed, in 

Figure 3.1 the probability profile of a non-switch pair (red curves) fluctuates only slightly 

around 0.021. This is because the number of switch sequences is much smaller than the 

number of non-switch sequences. As a result, the probability distribution for the non-

switch sequences is close to the uniform distribution. The zero probability values indicate 

the positions that have identical amino acids between the two wild-type sequences. 

At variance with the non-switch pairs, the probability of the switch pairs deviates 

significantly from a uniform distribution. Since the multiple Markov chains provide 

highly similar results for the probability profiles, we analyzed in details only the switch 

pairs from the first Markov chain initiated from the two wild-type sequences. We re-

scored all switch pairs using the new scoring function, the combination of the contact 

energy and the secondary structure divergence score, Eq. 3.4, and re-assigned the 

structures to these pairs of sequences based on the new scores. Significant fractions, 

27.43% and 27.53% of the switch pair candidates, passed the filer of the combined score 

in the sampling initiated from G1 and from G29, respectively (Table 3.4). The probability 

profiles for switch pairs that passed the filter are shown in Figure 3.1. After the filtering 

the profiles of switch pairs have peaks at roughly the same position. However, the heights 



 60 

of the peaks increase at previously most probable sites, which are at positions 3, 5, 49, 

52, and 54 along the sequence and are located near the N- and C-termini. We filtered 

these switch pairs one more time by homology modeling. Homology models for each of 

the sequences were built for the two folds using MODELLER. The models were re-scored 

by the HL energy function. 30.33% and 30.48% of the switch pairs that passed the 

filtering by the new scoring function also passed the filtering by homology modeling 

(Table 3.4). The probability profiles after homology modeling are shown in Figure 3.1. 

We observed a further increase in probability of the switch pairs at peak positions already 

observed in the sampling phase using the contact maps of the wild-type proteins and in 

the filtering by the new scoring function.  
 

Filtering scheme Started from G1 Started from G29 
Number of trial sequences 10,000,000 10,000,000 
Number of accepted sequences using the HL energy  8,337,761 8,340,093 
Number of candidates for switch pairs selected by the HL energy 298,065  298,158  
Number of switch pairs that passed the filtering with EHL+0.65DKL 81,768 (27.43%) 82,096 (27.53%) 
Number of switch pairs that passed the filtering by homology modeling 24,803 (30.33%) 25,024 (30.48%) 

Table 3.4: The filtering scheme of sequence candidates obtained from the first Markov 

chain starting from the two wild-type sequences, G1 and G29. 
 

The residues at the N- and C-termini have different contact patterns than the rest 

of the proteins. In fold A the two ends form flexible coils, while in fold B they fold into 

β sheets in the core. Therefore, the difference in the number of contacts between the two 

templates is greater at the ends, making these regions more sensitive to point mutation. 

The absolute difference of the HL contacts between the two wild-type structures at each 

position is also shown in Figure 3.1. There are ten positions that have absolute difference 

of the HL contacts greater than five. These are positions 3, 5, 19, 20, 30, 42, 49, 52, 54, 
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and 56. Positions 3, 5, 49, 52, and 54 are also the peaks in the probability profiles for 

switch pairs.  
 

 
Figure 3.1: The top two plots are probability profiles of accepted sequence pairs as a 

function of the amino acid site j when the binary flip was performed uniformly at each of 

the 47 non-identical positions after the three filters. The 9 sites with probability of zero 

are the positions with identical amino acids between the two wild-type sequences. “*” 

marks the probabilities of a random sampling starting from the wild-type GA sequence, 

G1; “o” marks that from the wild-type GB sequence, G29. The top plot shows the average 

probability calculated from the non-switch pairs generated in the 10 Markov chains using 

the HL energy function. A statistical error bar for each average is included. The middle 

plot shows (black curves) the average probability calculated from the switch pairs 

generated in the 10 Markov chains using the HL energy function (an error bar for each 

average is also included), (green curves) the probabilities calculated from the switch pairs 

that passed the filtering by the new scoring function, and (blue curves) the probabilities 
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calculated from the switch pairs that remained after homology modeling by MODELLER. 

The bottom plot is the absolute difference of the HL contacts (N) between the two wild-

type structures at each position. There are five positions that have the same number of the 

HL contacts between the two folds.  
 

The number of candidates for switch pairs that we sampled in this study is too 

large for detailed experimental studies. We therefore select the most promising 

candidates for an extended analysis. For this selection we relied on the energy gap ΔE, 

using Eq. 3.5. We ranked the 24,803 and 25,024 switch pairs by their ΔE values in the 

first Markov chains initiating from G1 and from G29, respectively, after the filtering by 

homology modeling. The higher the ΔE, the more stable are the two switch sequences in 

their native folds. We selected the top 25 switch pairs that had the largest ΔE values from 

the samplings starting from each of the two wild-type sequences, for the last filter, which 

was by 100-ps MD simulations. 18 of the 50 selected pairs remained as switch pairs after 

the filtering. 

To explore further the most stable switch pair after this series of filtering 

processes, we re-ranked the 18 switch pairs by ΔE for each pair in the two folds using 

Eq. 3.5 after the 100-ps MD simulations. The sequence pair that acquires the largest ΔE 

value is one of the 9 pairs starting from G29, which has a ΔE of 13.57 RT. The point 

mutation that causes the structural flip is at position 54 in which valine, the GB amino 

acid at position 54, was replaced by proline, the GA amino acid at the same position. 

Table 3.5 shows the pairwise sequence alignments of the switch sequences with their 

corresponding wild-type sequences, and in Figure 3.2 we illustrate each sequence of the 

switch pair in the predicted native structure as compared to the corresponding wild-type 

structure.  
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Table 3.5: Sequence alignments between the predicted switch pair that has the largest ΔE 

(SA and SB) and the corresponding wild-type sequences (G1 and G29). The non-identical 

positions are highlighted in red. 

Figure 3.2: The predicted native structures of the predicted switch pair at the end of the 

100-ps production runs, sequences SA (raspberry) and SB (blue), aligned with G1 and G29 

(gray), respectively. The point mutation is at position 54, in which valine was substituted 

for proline and the structure switched from the 4β+α fold to the 3α-helical fold. The side 

chains of the amino acids at position 54 are displayed in the stick mode. 
 

To further assess the quality of the predicted switch pair with respect to the 

experimental proteins, we calculated the average Cα-RMSD and TM-scores[61] between 

the MD-sampled structures of the predicted sequences (SA and SB) and the MD-sampled 

structures of the experimental wild-type (G1 and G29) and switch (G14, G15, G30, and 
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G31) sequences in their two native structures (the first NMR model of 2FS1 and the 

crystal structure of 1PGA). The RMSD and TM-score comparisons were computed 

between all pairs of the 100-ps simulations of the predicted switch pair and the 

experimental proteins. Hence, we calculated 1002 = 104  comparisons to obtain a single 

average. The results of the comparison are listed in Table 3.6. We have two switch 

sequences and two plausible folds. We ran each of the sequences in each of the folds, 

which gave us a total of 4 runs for the two switch sequences (these are the rows denoted 

by SA-2FS1, SA-1PGA, SB-2FS1, and SB-1PGA). We then computed the average RMSD 

and TM-scores between the MD-sampled structures of our predicted sequences and those 

of the experimental sequences. The experimental sequences are listed in the first row: 

G1-2FS1, G14-2FS1, G30-2FS1, G29-1PGA, G15-1PGA, and G31-PGA. The sequence-

structure match with the lowest RMSD or the highest TM-score is the predicted match. 

SA and SB in the corresponding predicted native folds, SA-2FS1 and SB-1PGA, have the 

lowest average RMSD and the largest TM-score when compared to the experimental 

sequences in the same correct fold. Note however, that the signal assigning some 

sequences to 1PGA was rather weak because overall the GB structures are more compact 

than the GA structures. 
 
RMSD (Å) G1-2FS1 G14-2FS1 G30-2FS1 G29-1PGA G15-1PGA G31-1PGA 

SA-2FS1 2.129+/-0.188 2.324+/-0.224 1.869+/-0.177 2.753+/-0.155 2.798+/-0.170 2.684+/-0.152 

SA-1PGA 2.864+/-0.171 3.022+/-0.190 3.234+/-0.183 1.547+/-0.232 1.890+/-0.216 1.571+/-0.250 

SB-2FS1 2.450+/-0.222 2.491+/-0.198 2.188+/-0.174 3.042+/-0.219 3.048+/-0.200 3.031+/-0.256 

SB-1PGA 2.824+/-0.168 3.109+/-0.158 3.247+/-0.172 1.468+/-0.151 1.843+/-0.220 1.378+/-0.152 

       
TM-score G1-2FS1 G14-2FS1 G30-2FS1 G29-1PGA G15-1PGA G31-1PGA 

SA-2FS1 0.680+/-0.034 0.641+/-0.033 0.702+/-0.027 0.399+/-0.013 0.404+/-0.014 0.414+/-0.015 

Table 3.6: Continued next page. 
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SA-1PGA 0.384+/-0.019 0.377+/-0.022 0.381+/-0.025 0.773+/-0.039 0.732+/-0.038 0.763+/-0.047 

SB-2FS1 0.606+/-0.046 0.594+/-0.026 0.635+/-0.030 0.349+/-0.013 0.360+/-0.015 0.348+/-0.014 

SB-1PGA 0.348+/-0.017 0.353+/-0.019 0.355+/-0.019 0.799+/-0.022 0.739+/-0.033 0.796+/-0.033 

Table 3.6: Average RMSD and TM-scores between the predicted switch sequences (SA 

and SB) and the experimental wild-type sequences (G1 and G29) and experimental switch 

sequences (G14, G15, G30, and G31) in the two native structures. SA-2FS1 and SB-1PGA 

are the predicted stable protein switches. The entries corresponding to optimal RMSD or 

TM-scores are highlighted in gray. In each column, the predicted correct sequence-

structure match has the lowest average RMSD and the largest TM-score. 
 

To evaluate the structural flexibility of the predicted protein switches, we ran a 

40-ns MD simulation for each sequence of the switch pair in each of the two native folds 

and calculated the Cα-RMSD between the initial structure of the simulation and the 

structures sampled each picosecond in the simulation. We show the RMSD values over 

time in Figure 3.3. We observed a lower RMSD for the switch sequences in their native 

fold than the switch sequence that matches the alternative fold while embedded in the 

same (incorrect) fold. 
 

 
Figure 3.3: Continued next page. 
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Figure 3.3: RMSD of the predicted switch sequences in the two folds during 40-ns MD 

simulations. The black curves are for the predicted correct sequence-structure matches, 

while the red curves are for the incorrect matches. 
 

3.7 CONCLUSIONS 

In this chapter we presented a comprehensive sequence sampling for protein 

switches of one-point mutants in the binary sequence space. We improved accuracy of 

fold prediction before performing expensive calculations of MD simulations by using 

both the structural and evolutionary information derived from the contact maps and 

PSSMs of the wild-type proteins. This procedure allowed us to sample and analyze 

efficiently millions of sequences, which is not achievable in detailed experiments. 

Because of the large number of sampled sequences, we were able to study statistically 

some properties of the switch sequences of the GA and GB proteins. We illustrated that the 

sequence probability profile of the protein switches was statistically converged and the 

structural portions that were critical for switching are located at the N- and C- termini. As 

our method works well on the fold switches of the GA and GB proteins, it may be 

interesting to apply the method and revisit the network model. 

When Alexander et al.[11] engineered the 31 experimental GA and GB sequences, 

they observed that a GA mutant at the switching point, GA98, acquired the ability of 

binding to the ligand of the GB proteins, which suggested that the GA protein had the 

propensity to switch from its native 3α-helical fold to a 4β+α fold. As the mechanism 

and the nature of this structural transition are still unclear, we directed our attention to the 

dynamics of the protein switches from sequence space to coordinate space. In Chapter 4 I 

will discuss our studies of conformational changes by calculating reaction pathways. 
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Chapter 4:  Reaction Pathways for Protein Conformational 
Transitions 

 In the binding assays of GA98, Alexander et al. reported that this GA mutant was 

able to bind not only to its natural ligand, human serum albumin (HSA), but also to the 

ligand of the GB protein, the constant region of IgG.[11] This observation suggests that 

the 3-α helical fold and the 4β+α fold co-exist in GA98. The structural transition time is 

estimated experimentally to be around 1 ms (John Orban, private conversation), which is 

beyond the generally accessible microsecond-timescale MD simulations. We note that 

while Anton[93, 94] can compute millisecond trajectories for the calculation of kinetics, 

many folding events (trajectories) are required. We wished to study the mechanism of the 

conformational change of GA98 by computing reaction pathways. In Chapter 1 I discuss a 

number of commonly used algorithms[43-47] for calculating reaction pathways. These 

algorithms require an initial guess for the path to be optimized. A straightforward 

approach to generate a guess for the intermediate conformations is by a linear 

interpolation between the initial and final conformations.[43] However, for complex 

systems like the GA and GB proteins, linear interpolation creates intermediate 

conformations that are highly distorted and difficult to be optimized. Figure 4.1 shows an 

intermediate conformation of GA98 generated by a linear interpolation between G14 in 

the GA and GB folds using the first NMR models of 2KDL and 2KDM as the homology 

templates. G14 is the sequence of GA98. We chose 2KDL and 2KDM as the templates but 

not the experimental structures of the other two heteromorphic pairs because 2KDL and 

2KDM are the known structures that are the closest to the switching point. The 

conformations of G14-2KDL and G14-2KDM that we used for the interpolation are the 

last conformations in the 100-ps MD simulations and therefore have been reasonably 

equilibrated according to the force field at hand. (See Section 2.5 for more details.) As 
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displayed in Figure 4.1 there are so many abnormal bonds and angles in the linearly 

interpolated structure that minimization in our code is numerically unstable. 
 

 
Figure 4.1: Linear interpolation between G14 in the GA and GB folds. (A) G14 in the first 

NMR model of 2KDL after the 100-ps MD simulation. (B) G14 in the first NMR model 

of 2KDM after the 100-ps MD simulation. (C) Initial conformation generated by linear 

interpolation between structures (A) and (B). 
 

 Accordingly, we developed a new algorithm, Chain Growth, which does not 

require an initial guess for the path as an input and at the same time it retains global 

characteristics of the optimization. In comparison, local optimization methods[50-52], 

which use Hessians to search for saddle points from the minima, do not require an initial 

path but can get “lost” and unable to find the desired products. In this chapter I will 

explain the algorithm of Chain Growth to compute minimum energy paths (MEPs) and 

minimum free energy paths (MFEPs) and discuss methods to quantify the similarity 

between different paths. We examined the algorithm of Chain Growth on the Müller 
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potential energy surface[95], conformational change of alanine dipeptide in vacuum and 

in water, and folding of a structural motif, tryptophan zipper, in vacuum.  

4.1 CHAIN GROWTH ALGORITHM 

In this chapter I use “state”, “structure”, and “conformation” interchangeably. 

Consider a system of N particles. We denote the Cartesian coordinates of particle n by 
!rn . We compute a MEP with a number of I intermediate conformations between two end 

structures, A and B, where A is the initial (reactant) and B is the final (product) 

conformation of the system, Chain Growth propagates the path by generating one new 

intermediate conformation at a time. The initial guess for the coordinates of the mth 

intermediate state (m is from 1 to I) is a straight-line interpolation between the previous 

conformation, m-1, and the final conformation, B. The new intermediate conformation is 

much closer to m-1 than to B until m is equal to I. 
                                      

!rm,n =
!rm−1,n +

!rB,n −
!rm−1,n

I −m+ 2
                                             (4.1)                                                

For the first intermediate conformation, where m is equal to 1, the previous conformation 

is A. The initial conformation of the mth intermediate state depends on the (m-1)th 

conformation, which has been optimized. In contrast, other methods[43-47] use the 

straight-line interpolation between the two end states to obtain an initial guess for the 

whole path, which often results in very distorted structures as the example shown in 

Figure 4.1 (C).  

Chain Growth optimizes a propagated path using a global expression for the 

action, which is an approximation we improve in steps. The weight of the propagated 

path until the mth intermediate conformation, S, is a sum of the discretized form of the 

scalar work, Wd, an equal distance restraint, C, and a repulsion restraint, R. 
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S =Wd +γC +
ρ
λ
R                                                     (4.2)                                                          

where	   γ, ρ, and λ	   are parameters that are used for efficient optimization. Wd	   is a 

trapezoidal integration of the discretized form of the scalar work, Wscalar (Eq. 1.3, shown 

here again for clarity).	  
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j is equal to zero for the initial state, A. Uj is the potential energy of state j. Since the two 

end states are fixed, the norm forces, dUA
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dr0

!

"
##

$

%
&&  and dUB

drB
, are constants. 

Δl j, j+1  is the distance between the coordinates of the states j and j+1. In the previous 

study, Olender and Elber proved that the optimal value of Wscalar is related to the sum of 

energy barriers of the path.[45] Therefore, minimizing the discretized form of the scalar 

work, Wd, as a function of coordinates of all intermediate states yields a MEP, which 

connects the two end states with the lowest potential energy barriers. The equal distance 

and repulsion restraints are included in S as penalty terms to ensure that the 

conformations are distributed uniformly along the path and that the curvature is not very 

high. The equal distance restraint is 
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and the repulsion restraint is 
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where Δl j, j+1  is the distance between the coordinates of the states j and j+1. Δl  is the 

average distance between the coordinates of the consecutive states along the path. I is the 

total number of intermediate states between the two end states. m is the current number of 

intermediate states in the propagated path. λ	  is the parameter that determines the range in 

the exponent of the repulsion restraint.                                                    

Chain Growth calculates S and its first derivatives as a function of the coordinates 

of the path and uses Powell’s conjugate gradient algorithm[96] to minimize S as a 

function of the coordinates of the path excluding the two fixed end states. After the 

optimization, the new intermediate state, the (m+1)th state, is added to the optimized path 

using Eq. 4.1, and minimization of S with (m+1) intermediate states begins. The path is 

complete after all I intermediate states are added and optimized. The final path is a MEP 

as shown in the scalar work method.[45]  

To calculate a MFEP, we first select a set of coarse variables, Q, which can be, for 

example, the coordinates of the backbone atoms or the Cα atoms of the protein. The 

weight of the propagated path, S, is then computed in coarse space, and Eq. 4.3, 4.4 and 

4.5 are adjusted accordingly as follows.  

Wd	  calculated in coarse space is 
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where 
dUj

drj Q

is the average force over all degrees of freedom except for the selected 

coarse variables of conformation j. The average is calculated by MD simulations using 

the Velocity Verlet algorithm[97], in which all degrees of freedom except for the selected 

coarse variables are free to move. The temperature is fixed by velocity scaling. Since the 



 72 

two end states are fixed, dUA

drA Q

 or dU0

dr0 Q

!

"
#
#

$

%
&
&  and dUB

drB Q

 are constants. The 

equal distance and repulsion restraints in coarse space are  
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For efficient optimization, it is useful to compute the first derivatives of S as a 

function of the coordinates of the selected coarse variables. We need to compute the 

product of the second derivatives and the first derivatives of the potential energy,
 d 2Uj

drj
2

Q

dUj

drj Q

. The second derivatives of the potential energy are expensive to 

estimate and a simpler expression that uses only first derivatives is desired. Eric Vanden-

Eijnden suggested the following trick: Consider the finite difference expression 
 

lim
δ→0

∇U Q+δ ⋅∇U Q( )( ) − ∇U Q( )
δ

= ∇∇U Q( ) ⋅∇U Q( )                   (4.9)                       

which is not the expression we need. The correct expression is ∇∇U Q( ) ⋅ ∇U Q( ) . 

To connect Eq. 4.9 to the desired averages, we conduct two independent trajectories, 1 

and 2, so that 
 

lim
δ→0

∇U Q1 +δ ⋅∇U Q2( )( ) − ∇U Q1( )
δ

= ∇∇U Q1( ) ⋅∇U Q2( )              (4.10)
                

Since the average of the product of two independently distributed variables is the product 

of their individual averages, we can write  
 

∇∇U Q1( ) ⋅∇U Q2( ) = ∇∇U Q1( ) ⋅ ∇U Q2( )                       (4.11)                                
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The final product of the second derivatives and the first derivatives of the potential 

energy that we seek is the average of the two products,  
 

∇∇U Q( ) ⋅ ∇U Q( ) =
∇∇U Q1( ) ⋅ ∇U Q2( ) + ∇∇U Q2( ) ⋅ ∇U Q1( )

2
      (4.12)

       
          

The steps of the Chain Growth algorithm are summarized as follows. 

Given the two end states,  

(1) Generate an initial conformation of an intermediate state m by a small displacement 

using a linear interpolation between the previous (m-1) and the final conformations. 
(2) Generate random initial velocities V

i
 (where i = 0 before minimization) of the 

selected coarse variables for each intermediate state. 

(3) For each intermediate state j, where j = 1, …, m, calculate 
dUj

drj Q

and 

d 2Uj

drj
2

Q

dUj

drj Q

by averaging over all degrees of freedom other than the selected 

coarse variables Q using two independent MD trajectories. Calculate the new 

velocities Vi+1 . 

Vi+1 =κ Vi −
1
2
M −1Δt dS

dQ i+1

#

$
%

&

'
(  

where i is the number of minimization step, κ  is a temperature scaling factor, Δt  

is the step size, and M  is the mass. 

(4) Conduct a single minimization step i of S as a function of the coordinates of the 

coarse variables of all intermediate states using the Simulated Annealing 

algorithm[98] illustrated as follows. 

A) Calculate displacement of the coordinates of the coarse variablesΔQi , and get 

the new coordinates Qi+1 .  
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ΔQi =ViΔt −
1
2
M −1Δt2 dS

dQ i

 

Qi+1 =Qi +ΔQi  

B) Check for convergence of the intermediate S. If S is not converged or the 

number of step limit is not achieved, go to (3) to calculate new average forces 

and new velocities. Otherwise, continue to (5) 

(5) Go back to (1) until all intermediate states I are added and optimized. 

4.2 PATH SIMILARITY ANALYSIS 

 To quantitatively determine the similarity between different paths, we use the 

Hausdorff distance[99] and the discrete Fréchet distance[100, 101]. Both methods 

measure the extent of similarity based on the geometry of the paths, while the difference 

is that the discrete Fréchet distance considers also the directionality of the paths from the 

initial state to the final state. 

 Consider two paths, A and B, where path A is described by m discrete states along 

the path, A = a1,...,am{ } , and path B by n states along the path, B = b1,...,bn{ } , the 

Hausdorff distance between paths A and B, DH A,B( ) , is defined as  

DH A,B( ) =max h(A,B),h(B,A){ }                               (4.13)  

where 
h A,B( ) =max

a∈A
min
b∈B

d a,b( )                                      (4.14)  

h A,B( )  is the directed Hausdorff distance from path A to path B. d a,b( )  is a similarity 

measure between conformations a and b. In this study we used mass-weighted RMSD 

(MW-RMSD) of the set of coarse variables Q. 
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MW − RMSD =
mi ×
!ra,i −Û

!rb,i − t̂( )
2

i=1

N

∑

mi
i=1

N

∑
                                   (4.15)  

where m is the mass of atom i, in which the coordinates !ri ∈Q . N is the total number of 

atoms in which the coordinates belong to Q in each of the conformations a and b. !ra,i  

and !rb,i  are coordinates of atom i of conformation a and b, respectively. a and b are 

optimally overlapped[102], where Û  and t̂  are a rotation matrix and a translation 

vector, respectively. Eq. 4.14 means that for every conformation a in path A, find the 

most similar conformation in path B, and h A,B( )  is the MW-RMSD associated with the 

conformation a that has the least similar conformation in path B. Therefore, DH A,B( )  

is the MW-RMSD associated with any conformation in the two paths that has the least 

similar conformation in the other path. In other words, every conformation in paths A and 

B has a “the most similar” conformation in the other path that is at most DH A,B( )  

away. 

 The discrete Fréchet distance method is often analogous to “walking the dog,” 

where the person is walking on one path and the dog is walking on the other. Both can 

walk at their own pace but are not allowed to go backwards. Then the minimal length of 

the leash that is necessary for both the person and the dog to walk from the beginning to 

the end of their respective paths is the Fréchet distance. Therefore, the discrete Fréchet 

distance between paths A and B, DdF A,B( ) , is defined as  
 

DdF A,B( ) =min max
pi∈[1,m]
qi∈[1,n]

d api ,bqi( )                                   (4.16)  

where i is an index of all possible pairs I’ between a and b. There are two conditions of 

pairing up a and b. One condition is that both a and b have to start from the first 

conformations and end at the last conformations, p1 = q1 =1,  pI ' =m and qI ' = n . The 
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other condition is that either a or b or both should go forward, 

pi+1 = pi  ∧  qi+1 = qi+1( )  ∨  pi+1 = pi+1  ∧  qi+1 = qi( )  ∨  pi+1 = pi+1  ∧  qi+1 = qi+1( ) . Then the 

optimal DdF A,B( )  can be computed by Dynamic Programming.[100] Compared to the 

“all-against-all” similarity measure of the Hausdorff distance, the discrete Fréchet 

distance preserves the directionality of the paths.  

4.3 MÜLLER POTENTIAL ENERGY SURFACE 

We first tested Chain Growth on the Müller potential energy surface[95]. The 

Müller potential was designed as a stringent test for algorithms that computes MEPs. It 

consists of four Gaussian functions and has three minima (M1, M2, and M3) and two 

saddle points (S1 and S2) as shown in Figure 4.1.  
 

 
Figure 4.1: Continued next page. 
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Figure 4.1: The Müller potential on a contour plot. The three minima on the potential 

energy surface are labeled as M1, M2, and M3, and the two saddle points are S1 and S2. 
 

We computed two paths, each with 10 intermediate points. One path started from 

M1 and the other started from M3. For both paths, the weights of the equal distance and 

repulsion restraints, γ and ρ, were 104 and 500, respectively. The parameter λ	   that 

determines the range in the exponent of the repulsion restraint was	   1.	  The propagated 

paths were optimized for 1,000 steps after each intermediate point was added. Figure 4.2 

shows an example of growing from M1 to M3 at four different stages, and Figure 4.3 

shows the two complete paths at the end of minimization. Both paths pass through the 

two saddle points and the intermediate and demonstrate the effectiveness of Chain 

Growth in two dimensions. 
  

 
Figure 4.2: Continued next page. 
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Figure 4.2: A series of propagated paths starting from M1 on the Müller potential energy 

surface computed by Chain Growth. The paths in red are at the stage of growing the first 

intermediate point, where the dashed line is the path before minimization and the solid 

line is the path after 1,000 steps of minimization. The blue dashed line is the path at the 

stage when the 5th intermediate point was added to the path. The black solid line is the 

path after all 10 intermediate points were added and minimized. The two end points, M1 

and M3, and the 10 intermediate points are labeled. 
 

 
Figure 4.3: Two MEPs on the Müller potential energy surface computed by Chain 

Growth. The path in black was grown from M1 to M3, while the path in red was grown 

from M3 to M1. The two paths are very similar. 
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4.4 CONFORMATIONAL CHANGE OF ALANINE DIPEPTIDE IN VACUUM 

As Chain Growth performed well in constructing MEPs on the 2-D model, we 

took one step forward and considered the smallest system in three dimensions, which is a 

conformational transition of alanine dipeptide in vacuum (Figure 4.4). The mass-

weighted RMSD between the two conformations using all atoms is 1.20 Å, and that using 

only the backbone atoms is 0.42 Å. 
 

 

Figure 4.4: The two end conformations of alanine dipeptide in vacuum. (A) The initial 

conformation, where ϕ	  =	  67.2° and ψ	  =	   -55.2°.	   (B) The final conformation, where	  ϕ	  =	   	   	  

-83.2° and ψ	  =	  67.8°.	   	  
 

We computed four paths from the initial to the final conformation, each with 18 

intermediate states. Therefore, each complete MEP has a total of 20 conformations along 

the path. We also generated a random path as a negative control. To generate the random 

path, instead of using Eq. 4.1 to calculate the coordinates of new intermediate 

conformations, !rm,n , we used random numbers as the displacements, Δ!rrand,m,n . The 

coordinates of new intermediate conformations in the random paths are 
!rm,n =

!rm−1,n +Δ
!rrand,m,n . γ and λ were 104  and 2, respectively. Four different values of ρ 

were used, 0, 100, 200, and 500, to assess the effectiveness of optimization of Chain 

Growth. Every propagated path was optimized using Powell’s conjugate gradient 
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algorithm as described in Section 4.1 after each intermediate state was added. Figure 4.5 

shows the target function S during minimization. Each spike represents an increase of S 

when a new state was added to the propagated path. 
 

 

Figure 4.5: The target function S as a function of minimization step for four paths using 

different values of ρ	  in constructing MEPs of alanine dipeptide in vacuum. A spike in the 

value of the functional S is seen whenever a new structure is added to the propagated 

path. 
 

In Figure 4.6 we show the projection of the ϕ and ψ dihedral angles of each 

conformation on the potential energy surface of alanine dipeptide in vacuum. With 

different weights of the repulsion restraint the resulting paths are different. Without or 

with a small repulsion coefficient (ρ=0 or ρ=100), half of the intermediate states 
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clustered around the initial state. On the other hand, with a higher repulsion coefficient 

(ρ=200 or ρ=500), the paths made a curve near the initial state before heading to the final 

state (See the first four intermediate states in Figure 4.6).  

 

Figure 4.6: The ϕ,	   ψ	   map of four MEPs and a random path on the conformational 

transition of alanine dipeptide in vacuum computed by Chain Growth using four different 

values of repulsion coefficient ρ.	  Each MEP was constructed with 18 intermediate states. 

Including the two end states, the 20 conformations in the MEP of	  ρ	  =	  200	  are labeled on 

the map for the reference. The initial and final conformations are labeled as 0 and 19, 

respectively. 
 

For MFEPs we selected the coordinates of the backbone atoms as the coarse 

variables. The	  parameters	  γ, λ,	  and	  ρ were the same as in the MEP calculations. Each 
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complete MFEP also has a total of 20 monomers along the path. Although the propagated 

paths were optimized in the coarse space, the initial guess for each of the 18 intermediate 

conformations was interpolated using all coordinates of the previous and the final 

conformations. The average force on each selected coarse variable dU
dr Q

 and the 

product d 2U
dr2 Q

dU
dr Q

 were calculated over 10,000 steps of MD simulations with a 

time step of 0.001 ps at 300 K. To evaluate convergence of the average force calculation, 

we assessed the accumulated average forces and the standard deviations of the forces 

before averaging of the selected coarse variables of the first intermediate state at every 

MD step. The formula for the accumulated average force and the standard deviation at 

the ith MD step are 
 

dU
dr Q,i

=
1
i

dU
dr

!

"
#

$

%
&
Q,kk=1

i

∑                                         (4.17)
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                                 (4.18)
                                                     

 

In Figure 4.7 we show the accumulative average forces and the standard deviations on 

three of the selected coarse variables, the x, y, and z coordinates of the Cα atom of the 

first intermediate state, during the 10,000 MD steps from one of the two independent 

trajectories. The averages converged by 10,000 steps.  
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Figure 4.7: Convergence of  on the x, y, and z coordinates of the Cα atom of the 

first intermediate state of alanine dipeptide in vacuum during 10,000 MD steps from one 

of the two independent trajectories. (Top) The accumulative average forces, . 

(Bottom) The standard deviations of the forces before averaging, . 

 

After each intermediate state was added, the coordinates of the 5 of the 12 atoms 

that consist the backbone of the dipeptide of every state in the propagated path were 

optimized using simulated annealing for 500 steps with a step size of 0.001 ps from 300 

K to 1 K. (Figure 4.8) The projection of the four MFEPs on the ϕ and ψ dihedral angles 

is shown in Figure 4.9. Unlike the MEPs, where the shape of the paths is affected by the 

value of the restraint coefficient, the MFEPs do not depend strongly on ρ. For all four 

MFEPs, half of the intermediate states are clustered near the initial state. 

dU
dr

dU
dr

σ dU
dr
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Figure 4.8: The target function S as a function of minimization step for four paths using 

different values of ρ	  while constructing MFEPs of alanine dipeptide in vacuum. 

 



 85 

Figure 4.9: The ϕ,	   ψ	   map	   of	   four MFEPs and a random path on the conformational 

transition of alanine dipeptide in vacuum computed by Chain Growth using four different 

values of ρ.	  Each MFEP was constructed with 18 intermediates. Including the two end 

states, the 20 conformations in the MFEP of	   ρ	   = 200 are labeled on the map for the 

reference. The initial and final conformations are labeled as 0 and 19, respectively. 
 

To compare the similarity between the four MEPs, the four MFEPs and the 

random path quantitatively, we calculated the Hausdorff and the discrete Fréchet 

distances using the backbone atoms as explained in Section 4.2. We found that the MW-

RMSD between any MEPs and MFEPs is in the range between 0.04 Å and 0.22 Å for the 

Hausdorff distance and between 0.05 Å and 0.22 Å for the discrete Fréchet distance. As a 

comparison, the MW-RMSD between the initial and final conformations using the 

backbone atoms is 0.42	  Å.	  Therefore, the MEPs and the MFEPs in the coarse space of 
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backbone atoms generated by Chain Growth are structurally similar. In contract,	  

comparing a MEP or a MFEP with the random path, the Hausdorff and the discrete 

Fréchet distances are above 0.54 Å and 0.55 Å, respectively. In Figure 4.10 we plot the 

Hausdorff and the discrete Fréchet distances for all pair of paths. 
 

  
 

Figure 4.10: The Hausdorff (red) and the discrete Fréchet (green) distances between any 

pair of the four MEPs, the four MFEPs, and the random path. The index number 

represents every pair of paths. The distance measures were calculated using MW-RMSD 

of the backbone atoms in alanine dipeptide. 
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4.5 CONFORMATIONAL CHANGE OF ALANINE DIPEPTIDE IN WATER 

We also computed MFEPs for alanine dipeptide in water. Six conformations were 

served as the end states. The ϕ	  and ψ	  angles of these conformations are shown in Figure 

4.11. The mass-weighted RMSDs between these conformations using the backbone 

atoms are listed in Table 4.1. 

Figure 4.11: The ϕ	   and	   ψ	   dihedral angles of six alanine dipeptide conformations in 

water, which were used as the end states for MFEPs computations by Chain Growth.  
 

Conformation 1 Conformation 2 MW-RMSD (Å) 
1 2 0.36 
2 3 0.35 
3 4 0.26 
4 5 0.26 
5 6 0.33 
1 6 0.37 

Table 4.1: The MW-RMSDs between the six conformations of alanine dipeptide shown 

in Figure 4.11 using the backbone atoms. 
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We found that it was difficult to grow the path directly from conformation 1 to 

conformation 6 as the path would propagate in the direction from the ψ angle of -150° to 

-180° and not going through the longer route from -150° to 150°. Therefore, in this study 

we added four additional states, which were selected from a 250-ns MD simulation 

calculated previously (provided by Alfredo Cardenas), between conformations 1 and 6. 

The selection was based on the ϕ and ψ dihedral angles of the conformations sampled 

during the long MD simulation. We selected the conformations that have a constant ϕ 

angle and equally spaced ψ angles between -150° and 150°. Then we grew the path in 

five segments, which were joined to obtain a complete path and optimized. 

We aligned all atoms in the six conformations and then solvated each 

conformation in a (20 Å)3 water box with the TIP3P water model[75]. To equilibrate the 

water molecules, we ran a 5-ps MD simulation with a time step of 0.001 ps from 3 K to 

300 K. The volume of the box was relaxed from (21 Å)3 to (20 Å)3 to obtain correct water 

density while avoiding bad Lennard-Jones contacts between the boundaries of the 

periodic boxes. In the simulation the peptide was fixed, and only water molecules were 

allowed to move. The last conformation was used for the MFEPs calculations. 

 The MFEPs were propagated in five segments, from the conformation 1 to 2, 2 to 

3, 3 to 4, 4 to 5, and 5 to 6, each with 3 intermediate states. Therefore, each complete 

MFEP in a segment has a total of 5 states along the path. The initial guess for an 

intermediate state was interpolated using all coordinates of the previous and the final 

conformations in the corresponding segment. The propagated paths were optimized on 

the coordinates of the backbone atoms using the same protocol and parameters of MD 

averaging and simulated annealing for the MFEP calculations in vacuum. The cutoff 

distances for electrostatic and Lennard-Jones interactions were 10.0 Å and 9.5 Å, 

respectively. Ewald summation was used for electrostatic interactions. Particle Meshed 
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Ewald[76] used a grid of 32 and relative error tolerance of 10-9. The SHAKE 

algorithm[103] was used to constrain bonds and angles of the water molecules and the 

relative error tolerance was 10-6. 

After the computation of the MFEPs in each of the five segments was complete, 

the final paths generated by the same value of ρ from each segment were joined. Each of 

the four concatenated paths has a total of 21 states along the path, which was subjected to 

a final optimization of the whole path using the same simulation setup as it was done 

previously in each segment. For alanine dipeptide in water, the average force also 

converged in 10,000 steps of MD simulations. Figure 4.12 shows the accumulative 

average forces and the standard deviations on the x, y, and z coordinates of the Cα atom 

of the first intermediate state at every MD step from one of the two independent 

trajectories. The target function S of the paths during the final 500 annealing steps is 

shown in Figure 4.13.  
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Figure 4.12:  Convergence of  on the x, y, and z coordinates of the Cα atom of 

the first intermediate of alanine dipeptide in water during the 10,000 MD steps from one 

of the two independent trajectories. (Top) The accumulative average forces, . 

(Bottom) The standard deviations of the forces before averaging, . 

 

dU
dr

dU
dr

σ dU
dr
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Figure 4.13: The target function S as a function of minimization step for four paths using 

different values of ρ	  in constructing MFEPs of alanine dipeptide in water. 
 

Similar to what we observed in the MFEPs of alanine dipeptide in vacuum, the 

value of ρ does not affect the shape of the resulting MFEPs of the dipeptide in water. The	  

projection of the four MFEPs on the ϕ	   and ψ	   dihedral angles is very similar (Figure 

4.14). 
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Figure 4.14: The ϕ,	   ψ	  map of four MFEPs path on the conformational transition of 

alanine dipeptide in water computed by Chain Growth using four different values of ρ.	  

Each MFEP was constructed with 19 intermediates. Including the two end states, the 20 

conformations in the MFEP of	  ρ	  = 200 are labeled on the map for the reference. The 

initial and final conformations are labeled as 0 and 20, respectively. 
 

We again computed the Hausdorff and the discrete Fréchet distances using the 

backbone atoms to compare the similarity between the four MFEPs quantitatively. The 

MW-RMSD is in the range between 0.0020 Å and 0.0039 Å for both the Hausdorff and 

the discrete Fréchet distances, which are about 10-fold smaller than any pair of the six 

initial end states (Table 4.1). The values of the Hausdorff and the discrete Fréchet 

distances for all pair of the four paths are plotted in Figure 4.15.  
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Figure 4.15: The Hausdorff (red) and the discrete Fréchet (green) distances between four 

MFEPs of alanine dipeptide. The index number represents every pair of paths. The 

distance measures were calculated using MW-RMSD of the backbone atoms in alanine 

dipeptide. 

4.6 FOLDING OF TRYPTOPHAN ZIPPER IN VACUUM 

Based on the results of determining MFEPs of alanine dipeptide in vacuum and in 

water, Chain Growth generates paths consistently regardless of different parameters that 

were used. We therefore considered a folding event of a somewhat larger system, the 

tryptophan zipper (PDB ID is 1LE0)[104], which is a structural motif with 12 amino 

acids, in vacuum. We generated an unfolded structure using a MD simulation at 800 K. 

Of course for complete characterization of the unfolded state, many unfolded 

conformations will be required. In this study we illustrated an unfolding pathway using 
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one unfolded conformation as an example. The unfolded conformation that we selected is 

the most structurally divergent one from the folded state. The mass-weighted RMSD 

between the folded and the unfolded states using all atoms is 9.31 Å, and that using only 

the Cα atoms is 6.92 Å. Figure 4.16 shows the two states. 
 

 
Figure 4.16: The two end conformations of tryptophan zipper in vacuum. (A) The initial 

conformation is the folded state. (B) The final conformation is an unfolded state sampled 

during a MD simulation at high temperature.	  
 

To compute MFEPs of the folding process, we selected the coordinates of the Cα 

atoms as the coarse variables. Since the transition involves large movements of the bulky 

tryptophan side chains, generating reasonable initial conformations of intermediate states 

by linear interpolation is difficult. Accordingly, we propagated the paths using four 

different step sizes. In practice, we varied the number of intermediate states I (see Eq. 
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4.1) as the paths propagated. First, we grew 14 intermediate states with I=18. Then we 

changed I to 23 and grew another 5 intermediate states. Third, we changed I to 28 and 

grew another 5 intermediate states. At this point, each path has a total of 24 intermediate 

states. Finally, we changed I to 33 and grew 7 intermediate states for the paths using ρ=0, 

100, and 200, and 6 intermediate states for the path using ρ=500. As a result, there are a 

total of 33 conformations, including the two end states, in the paths using ρ=0, 100, and 

200, and 32 conformations in the path using ρ=500. γ and λ were 104 and 2, respectively. 

The average force on each selected coarse variable dU
dr Q

 and the product 

d 2U
dr2 Q

dU
dr Q

 were calculated over 6,000 steps of MD simulations with a time step of 

0.001 ps at 300 K. In Figure 4.17 we show accumulated average forces and the standard 

deviations of the forces before averaging on the x, y, and z coordinates of the Trp at 

residue 5 of the first intermediate state at every MD step for 20,000 steps. The average 

force started to converged at 6,000 steps. 
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Figure 4.17:  Convergence of  on the x, y, and z coordinates of the Cα atom of 

Trp5 of the first intermediate of tryptophan zipper in vacuum during the 20,000 MD steps 

from one of the two independent trajectories. (Top) The accumulative average forces, 

. (Bottom) The standard deviations of the forces before averaging, . 

 

 We optimized the complete paths for another 5,000 steps. Figure 4.18 shows the 

target function S of the four paths during the minimization. S did not change much after 

500 steps, so 5,000-step of annealing was more than is required. Four intermediate states 

selected from the final MFEP constructed with ρ=200 are shown in Figure 4.19. 
 

dU
dr

dU
dr

σ dU
dr
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Figure 4.18: The target function S as a function of the number of minimization step for 

four paths using different values of ρ	  in constructing MFEPs of unfolding of tryptophan 

zipper in vacuum. 
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Figure 4.19: Four intermediate states in the MFEP using ρ=200 after 5,000 minimization 

steps. (A) The 6th intermediate state. (B) The 13th intermediate state. (C) The 20th 

intermediate state. (D) The 27th intermediate state. The two β-sheets were opening up 

from (A) to (D). 
 

Compared to a random path, which was generated by random selection of the 

conformations sampled in the MD simulations at 800 K, the four MFEPs are also very 

similar. (Figure 4.20) 
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Figure 4.20: The Hausdorff (red) and the discrete Fréchet (green) distances between four 

MFEPs and a random path of tryptophan zipper in vacuum. The index number represents 

every pair of paths. The distance measures were calculated using MW-RMSD of the Cα 

atoms. 

4.7 CONCLUSIONS 

We proposed a new algorithm Chain Growth, which allows a gradual structural 

transition from initial to final states and avoids the use of linear interpolation of the whole 

path that usually generates distorted intermediate structures. We tested Chain Growth on 

the Müller potential energy surface and two small systems, alanine dipeptide and 

tryptophan zipper. MEPs and MFEPs of the conformational changes of alanine dipeptide 

as well as MFEPs of unfolding of tryptophan zipper constructed by Chain Growth with 

different optimization parameters are very similar in terms of their Hausdorff and discrete 
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Fréchet distances. In the future, we plan to apply Chain Growth to the conformational 

transition of protein switches. 
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Appendix 

 

Extracted 10 unique GA sequences in the extended database 
1GAB_A	   --TIDQWLLKNAKEDAIAELKKAGITDFYFNAINKAKTVEEVNALKNEILKAHA-- 

2J5Y_A	   HMTIDQWLLKNAKEDAIAELKKAGITDFYFNAINKAKTVEEVNALKNEILKAHA-- 

gi-‐3024333	   SQGVDAETLKNAKEDAIAELKKAGITDFYFNAINKAKTVEEVNALKNEILKAHAKE 

gi-‐124267	   EAAAAADALAKAKADALKEFNKYGVSDYYKNLINNAKTVEGVKELIDEILAALPTE 

gi-‐81781598	   MKAANAKELAKRKQEAISRIKDFSIGTATIRDINNAHTLQQVEALNNGIARISAVQ 

gi-‐81842835	   ITGYPQNAVGRTNNATEKNLALVGPGNYFIRIITTANELRGNPNHKPEIVTDIPND 

gi-‐205716959	   ITGYPQNAVGRTNNATEKNLALVGPGNYFIRIITTANELRGNSNHKPEIVTDIPND 

gi-‐81651134	   LKAANAKELENRKKAAISKIKDISIGTATIKDINNAQTPQQVEALNNGIARILAVQ 

gi-‐205716443	   ITGIPENSTNRPNNARERNIELVGPGDYFIRVKPHTPTITTAEQLRGTALQKVPVN 

gi-‐81781597	   ITGIPENSTNRTNNARERNIELVGPGDYFIRVKPHTPTITTAEQLRGTALQKVPVN 

	   	   Extracted 63 unique GB sequences in the extended database 
1IGC_A	   TTYKLVINGKTLKGETTTKAVDAETAEKAFKQYANDNGVDGVWTYDDATKTFTVTE 

>P06654	   DTYKLILNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

2ONQ_A	   MQFKLIINGKTLKGEITIEAVDAAEAEKFFKQYANDNGIDGEWTYDDATKTFTVTE 

2ON8_A	   MQFKLIINGKTLKGEITLEAVDAAEAEKKFKQYANDNGIDGEWTYDDATKTFTVTE 

1MHX_A	   DTYKLFIVIGDRVVVVTTEAVDAATAEKVFKQYANDNGVDGEWTYDDAAKTFTVTE 

1MI0_A	   DTYKLVLNGTTFT--YTTEAVDAATAEKVFKQYANDNGVDGEWTYADATKTFTVTE 

1ZXH_A	   MYYLVVNKGQNAFYETLTKAVDAETARNAFIQSLKDDGVQGVWTYDDATKTFTVQA 

&KED05181.1	   TSYKLVIKGATFSGETSTKAVDAATAEQTFRQYANDNGVTGEWAYDATTKTFTVTE 

&BAD00711.2	   TTYRLVIKGVTFSGETATKAVDAATAEQTFRQYANDNGITGEWAYDTATKTFTVTE 

&EZY62929.1	   MKYALVIKGKTLTGTTTKEAISPEAAEKYFRDYATSNGVDAEWSYDKATRTFTVAE 

WP_006418556.1	  QTYKLVVNSEDAQITSEYTASSVELAGQYFRDYVNNNGLDLEWSYDPATYTFTATD 
WP_003778998.1	  SVYTLVYNTNGKNGATTVKASSAEQAEKYFKNFVNENGLDLEWSYDEDTKTFTAIE 
2I38_A	   MQYKLILNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

AAY41168	   MQYKLILNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTYTVTE 

AHW57457	   HTYKLILNGKTLKGVLTIEAVDAATAEKVFKQYANDLGVDGEWTYDDATKTFTVTE 

2CWB_A	   HQYKLALNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

3UI3_A	   XQYKLILNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

WP_022554899	   DTYKLILNGKTLKGQTTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

AAA26921	   TTYKLVINGKTLKGETTTKAVDAETAEKAFKQYANENGVDGVWTYDDATKTFTVTE 

2RPV_A	   MEYKLILNGKTLKGETTTCAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

AAL09476	   TTYKLVINGKTLKGETTTKAVDVETAEKAFKQYANENGVDGVWTYDDATKTFTVTE 
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Extracted 63 unique GB sequences in the extended database (continued) 
3FIL_B	   MQYKLILNGKTLKGVLTIEAVDAATAEKVFKQYANDLGVDGEWTYDDATKTFTVTE 

2ZW1_A	   DTYKLILNGKTLKGETTTEAVDAATAEKVFKHYANEHGVHGHWTYDPETKTFTVTE 

1GB4_A	   TTFKLIINGKTLKGEITIEAVDAAEAEKIFKQYANDNGIDGEWTYDDATKTFTVTE 

3V3X_A	   MQYKLILCGKTLKGETTTEAVDAATAECVFKQYANDNGVDGEWTYDDATKTFTVTE 

3FIL_A	   XQYKLILNGKTLKGVLTIEAVDAATAEKVFKQYANDLGVDGEWTYDDATKTFTVTE 

WP_014622582	   TTYRLVIKGATFSGETATKAVDAATAEQAFRQYANDNGVTGEWAYDAATKTFTVTE 

WP_012678227	   TTYRLVIKGVTFSGETSTKAVDAATAEQTFRQYANDNGVTGEWAYDAATKTFTVTE 

2ZW0_A	   DTYKLILNGKTLKGETTTEAVDAATAEKVFKQYANEHGVDGEWTYDPETKTFTVTE 

WP_012679243	   TTYRLVIKGVTFSGETATKAVDAATAEQTFRQYANDNGVTGEWAYDAATKTFTVTE 

2RMM_A	   MQYKLILNGKTLKGETTTEAVDAATAEKVFKQYFNDNGVDGEWTYDDATKTFTVTE 

AAA86832	   TTYRLVIKGVTFSGETATKAVDAATAEQAFRQYANDNGVTGEWAYDAATKTFTVTE 

1QKZ_A	   TTYKLVINGKTLKGETTTKAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

2IGG_A	   TTYKLVINGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVTE 

1P7E_A	   MQYKLVINGKTLKGETTTKAVDAETAEKAFKQYANDNGVDGVWTYDDATKTFTVTE 

2J52_A	   MTYKLILNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDAATKTFTVTE 

1FD6_A	   TTFKLIINGKTLKGETTTEAVDAATAEKVFKQYANDNGIDGEWTYDDATKTFTVTE 

AAB27024	   TTYKLVINGKTLKGETTTKTVDAETAEKAFKQYANDNGVDGVWTYDDATKTFTVTE 

2PLP_A	   -TYKLILNGKTLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDDATKTFTVT- 

3U4E_G	   TTFKLTINGKKQKATTTTEAVDAATAAKVFKQYANDNGIDGEWTYDDATKTFTVTE 

2NMQ_A	   -TYKLVINGKTLKGETTTKAVDAETAEKAFKQYANDNGVDGVWTYDDATKTFTVTE 

1Q10_A	   MQYKVILNGKTLKGETTTEAVDAATAEKVVKQFFNDNGVDGEWTYDDATKTFTVTE 

3U2S_G	   CSFNITTDVKDRKQTTTTEAVDAATAAKVFKQYANDNGIDGEWTYDDATKTFTVTE 

1MPE_A	   MQYKVILNGKTLKGETTTEAVDAATFEKVVKQFFNDNGVDGEWTYDDATKTFTVTE 

1FCL_A	   TTFKLIINGKTLKGETTTEAVDAATAEKVLKQYINDNGIDGEWTYDDATKTWTVTE 

4OZA_A	   DTYKLILNGKTLKGETTTEAVDAXTAEXVFKXYANXNGVDGEWTYDDATKTFTVTE 

4KGR_A	   DTYKLILNGKTLKGETTTEAVDAXTAEXVFXQYAXDNGVDGEWTYDDATKTFTVTE 

4KGT_A	   DTYKLILNGXGLKGETTTEAVDAATAEKVFKQYANDNGVDGEWTYDXG--TFTVTE 

1EM7_A	   TTYKLILNGKTLKGETTTEAVDAETAERVFKEYAKKNGVDGEWTYDDATKTFTVTE 

WP_003776444	   FTFKFINSGKTIAGATTVKAGNPEEAEKYFRNWASENGLDLDWAYDESSRTFTARE 

WP_027970865	   TTYKLVIKGQTLKGETTVKAATAEAAEKAFRLYANKNGISGEWAYDDATKTFTVTE 

WP_003777042	   AVYTLYYFAQQTKGATTVKAKSAEEAEKYFRNWANENDLDLEWSYDEDSKTFTARE 

4KGS_A	   DTYKLILNGKTLKGETTTEAXDAATAEKVFKQYANDNGVXGEWTYDDATKTFTVTE 

2JWU_A	   TTYKLILNLKQAKEEAIKELVDAATAEKYFKLYANAKTVEGVWTYKDETKTFTVTE 

4GLS_C	   -TYKLILNGKTLKGETTTEAVDVFDAFDVFFVYAASNFSDDDWTYDDATKTFTVTE 

WP_003779012	   YTFVIIQNTKGKNGATTVKASSPEEAKAYFEEFAKENDLGEDWTYDEDTKTFTARE 

4OZC_A	   DTYKLILNGKTLKGETTTEAXDAXTAEXVFXQYAXDNGVXGEWTYDDATKTFTVTE 

WP_003777046	   EVYTLYYYGQRTQGVTTVKASSPREALEYFQNYLSENGLDANWHYESDDRVFTASE 
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Extracted 63 unique GB sequences in the extended database (continued) 
WP_003778052	   EVYTLYYYGQRTQGATTVKATSPREALEYFQNFLSENGLDANWHYESEDRVFTASE 

AAA26600	   DTYKLILNGKTLKGETTTEAVDAATARSFFPILENSSSVPGESTCRHASFAQAPKE 

AAA26599	   DTYKLILNGKTLKGETTTEAVDAATARSFFPILENSSSVPGENVEHDAEENVEVEE 

WP_006737073	   TTYHFTYKGADTTVSTDHVAGSVDKAEQYFRAYASESGLNLDFTYDEATHTFVGTD 

WP_006734754	   FTYHFTYKGAETTVSTDYVAGSVDKAEQYFRAYASESGLNLDFTYDEATHTFVGTD 

Table 1: List of the sequence IDs and the amino acid sequences in the aligned portion of 

the 10 non-redundant GA sequences to G1 and that of the 63 non-redundant GB sequences 

to G29. “-“ denotes deletion in the sequences. 
 



 104 

References 

1. Haber, E. and C.B. Anfinsen, Side-Chain Interactions Governing Pairing of Half-
Cystine Residues in Ribonuclease. Journal of Biological Chemistry, 1962. 237(6): 
p. 1839-1844. 

2. Anfinsen, C.B., Principles That Govern Folding of Protein Chains. Science, 
1973. 181(4096): p. 223-230. 

3. Sali, A. and T.L. Blundell, Comparative Protein Modeling by Satisfaction of 
Spatial Restraints. Journal of Molecular Biology, 1993. 234(3): p. 779-815. 

4. Chothia, C. and A.M. Lesk, The Relation between the Divergence of Sequence 
and Structure in Proteins. Embo Journal, 1986. 5(4): p. 823-826. 

5. Sander, C. and R. Schneider, Database of Homology-Derived Protein Structures 
and the Structural Meaning of Sequence Alignment. Proteins-Structure Function 
and Genetics, 1991. 9(1): p. 56-68. 

6. Rose, G.D. and T.P. Creamer, Protein-Folding - Predicting Predicting. Proteins-
Structure Function and Genetics, 1994. 19(1): p. 1-3. 

7. Dalal, S., S. Balasubramanian, and L. Regan, Protein alchemy: Changing beta-
sheet into alpha-helix. Nature Structural Biology, 1997. 4(7): p. 548-552. 

8. Yuan, S.M. and N.D. Clarke, A hybrid sequence approach to the Paracelsus 
Challenge. Proteins-Structure Function and Genetics, 1998. 30(2): p. 136-143. 

9. Blanco, F.J., I. Angrand, and L. Serrano, Exploring the conformational properties 
of the sequence space between two proteins with different folds: An experimental 
study. Journal of Molecular Biology, 1999. 285(2): p. 741-753. 

10. Dalal, S. and L. Regan, Understanding the sequence determinants of 
conformational switching using protein design. Protein Science, 2000. 9(9): p. 
1651-1659. 

11. Alexander, P.A., et al., A minimal sequence code for switching protein structure 
and function. Proceedings of the National Academy of Sciences of the United 
States of America, 2009. 106(50): p. 21149-21154. 

12. He, Y.A., et al., Mutational Tipping Points for Switching Protein Folds and 
Functions. Structure, 2012. 20(2): p. 283-291. 

13. Horst, J. and R. Samudrala, Diversity of protein structures and difficulties in fold 
recognition: the curious case of protein G. F1000 Biol Rep, 2009. 1: p. 69. 

14. Allison, J.R., et al., Current Computer Modeling Cannot Explain Why Two Highly 
Similar Sequences Fold into Different Structures. Biochemistry, 2011. 50(50): p. 
10965-10973. 

15. Grishin, N.V., Fold change in evolution of protein structures. Journal of 
Structural Biology, 2001. 134(2-3): p. 167-185. 

16. Lauber, T., et al., Homologous proteins with different folds: The three-
dimensional structures of domains 1 and 6 of the multiple Kazal-type inhibitor 
LEKTI. Journal of Molecular Biology, 2003. 328(1): p. 205-219. 



 105 

17. Belogurov, G.A., et al., Structural basis for converting a general transcription 
factor into an operon-specific virulence regulator. Molecular Cell, 2007. 26(1): p. 
117-129. 

18. Roessler, C.G., et al., Transitive homology-guided structural studies lead to 
discovery of Cro proteins with 40% sequence identity but different folds. 
Proceedings of the National Academy of Sciences of the United States of 
America, 2008. 105(7): p. 2343-2348. 

19. Bryan, P.N. and J. Orban, Proteins that switch folds. Current Opinion in 
Structural Biology, 2010. 20(4): p. 482-488. 

20. Tuinstra, R.L., et al., Interconversion between two unrelated protein folds in the 
lymphotactin native state. Proceedings of the National Academy of Sciences of 
the United States of America, 2008. 105(13): p. 5057-5062. 

21. Park, J., et al., Intermediate sequences increase the detection of homology 
between sequences. Journal of Molecular Biology, 1997. 273(1): p. 349-354. 

22. Gerstein, M., Measurement of the effectiveness of transitive sequence comparison, 
through a third 'intermediate' sequence. Bioinformatics, 1998. 14(8): p. 707-714. 

23. Salamov, A.A., et al., Combining sensitive database searches with multiple 
intermediates to detect distant homologues. Protein Engineering, 1999. 12(2): p. 
95-100. 

24. Li, W.Z., et al., Saturated BLAST: an automated multiple intermediate sequence 
search used to detect distant homology. Bioinformatics, 2000. 16(12): p. 1105-
1110. 

25. Bolten, E., et al., Clustering protein sequences-structure prediction by transitive 
homology. Bioinformatics, 2001. 17(10): p. 935-941. 

26. Orengo, C.A., et al., CATH - a hierarchic classification of protein domain 
structures. Structure, 1997. 5(8): p. 1093-1108. 

27. Lo Conte, L., et al., SCOP: a Structural Classification of Proteins database. 
Nucleic Acids Research, 2000. 28(1): p. 257-259. 

28. Poteete, A.R., K. Hehir, and R.T. Sauer, Bacteriophage-P22 Cro-Protein - 
Sequence, Purification, and Properties. Biochemistry, 1986. 25(1): p. 251-256. 

29. Johnson, A.D., B.J. Meyer, and M. Ptashne, Interactions between DNA-Bound 
Repressors Govern Regulation by the Lambda-Phage Repressor. Proceedings of 
the National Academy of Sciences of the United States of America, 1979. 76(10): 
p. 5061-5065. 

30. Sauer, R.T., et al., Homology among DNA-Binding Proteins Suggests Use of a 
Conserved Super-Secondary Structure. Nature, 1982. 298(5873): p. 447-451. 

31. Altschul, S.F., et al., Gapped BLAST and PSI-BLAST: a new generation of protein 
database search programs. Nucleic Acids Research, 1997. 25(17): p. 3389-3402. 

32. Newlove, T., J.H. Konieczka, and M.H.J. Cordes, Secondary structure switching 
in Cro protein evolution. Structure, 2004. 12(4): p. 569-581. 

33. Berman, H.M., et al., The Protein Data Bank. Nucleic Acids Research, 2000. 
28(1): p. 235-242. 



 106 

34. Andreeva, A., et al., Data growth and its impact on the SCOP database: new 
developments. Nucleic Acids Res, 2008. 36(Database issue): p. D419-25. 

35. Meyerguz, L., J. Kleinberg, and R. Elber, The network of sequence flow between 
protein structures Proceedings of the National Academy of Sciences of the United 
States of America, 2007. 104(28): p. 11627-11632. 

36. Cao, B.Q. and R. Elber, Computational exploration of the network of sequence 
flow between protein structures. Proteins-Structure Function and Bioinformatics, 
2010. 78(4): p. 985-1003. 

37. Alexander, P.A., et al., The design and characterization of two proteins with 88% 
sequence identity but different structure and function. Proceedings of the National 
Academy of Sciences of the United States of America, 2007. 104(29): p. 11963-
11968. 

38. Porter, L.L., et al., Subdomain Interactions Foster the Design of Two Protein 
Pairs with similar to 80% Sequence Identity but Different Folds. Biophysical 
Journal, 2015. 108(1): p. 154-162. 

39. Laidler, K.J. and M.C. King, The development of transition-state theory. Journal 
of Physical Chemistry, 1983. 87(15): p. 2657-2664. 

40. Truhlar, D.G., B.C. Garrett, and S.J. Klippenstein, Current status of transition-
state theory. Journal of Physical Chemistry, 1996. 100(31): p. 12771-12800. 

41. Kirmizialtin, S. and R. Elber, Revisiting and Computing Reaction Coordinates 
with Directional Milestoning. Journal of Physical Chemistry A, 2011. 115(23): p. 
6137-6148. 

42. Bello-Rivas, J.M. and R. Elber, Exact milestoning. Journal of Chemical Physics, 
2015. 142(9). 

43. Elber, R. and M. Karplus, A Method for Determining Reaction Paths in Large 
Molecules - Application to Myoglobin. Chemical Physics Letters, 1987. 139(5): p. 
375-380. 

44. Ulitsky, A. and R. Elber, A New Technique to Calculate Steepest Descent Paths in 
Flexible Polyatomic Systems. Journal of Chemical Physics, 1990. 92(2): p. 1510-
1511. 

45. Olender, R. and R. Elber, Yet another look at the steepest descent path. Journal of 
Molecular Structure-Theochem, 1997. 398: p. 63-71. 

46. Jonsson, H., G. Mills, and K.W. Jacobsen, Nudged elastic band method for 
finding minimum energy paths of transitions, in Classical and quantum dynamics 
in condensed phase simulations, B.J. Berne, G. Ciccotti, and D.F. Coker, Editors. 
1998, World Scientific: Singapore. p. 385-403. 

47. Weinan, E., W.Q. Ren, and E. Vanden-Eijnden, String method for the study of 
rare events. Physical Review B, 2002. 66(5). 

48. Schlitter, J., M. Engels, and P. Kruger, Targeted Molecular-Dynamics - a New 
Approach for Searching Pathways of Conformational Transitions. Journal of 
Molecular Graphics, 1994. 12(2): p. 84-89. 



 107 

49. Peters, B., et al., A growing string method for determining transition states: 
Comparison to the nudged elastic band and string methods. Journal of Chemical 
Physics, 2004. 120(17): p. 7877-7886. 

50. Cerjan, C.J. and W.H. Miller, On Finding Transition-States. Journal of Chemical 
Physics, 1981. 75(6): p. 2800-2806. 

51. Bell, S. and J.S. Crighton, Locating Transition-States. Journal of Chemical 
Physics, 1984. 80(6): p. 2464-2475. 

52. Nguyen, D.T. and D.A. Case, On Finding Stationary States on Large-Molecule 
Potential-Energy Surfaces. Journal of Physical Chemistry, 1985. 89(19): p. 4020-
4026. 

53. Vallat, B.K., J. Pillardy, and R. Elber, A template-finding algorithm and a 
comprehensive benchmark for homology modeling of proteins. Proteins-Structure 
Function and Bioinformatics, 2008. 72(3): p. 910-928. 

54. Vallat, B.K., et al., Building and assessing atomic models of proteins from 
structural templates: Learning and benchmarks. Proteins-Structure Function and 
Bioinformatics, 2009. 76(4): p. 930-945. 

55. Vicatos, S., M. Roca, and A. Warshel, Effective approach for calculations of 
absolute stability of proteins using focused dielectric constants. Proteins-Structure 
Function and Bioinformatics, 2009. 77(3): p. 670-684. 

56. Yin, S., F. Ding, and N.V. Dokholyan, Modeling backbone flexibility improves 
protein stability estimation. Structure, 2007. 15(12): p. 1567-1576. 

57. Cheng, J.L., A. Randall, and P. Baldi, Prediction of protein stability changes for 
single-site mutations using support vector machines. Proteins-Structure Function 
and Bioinformatics, 2006. 62(4): p. 1125-1132. 

58. He, Y.N., et al., Structure, dynamics, and stability variation in bacterial albumin 
binding modules: Implications for species specificity. Biochemistry, 2006. 45(33): 
p. 10102-10109. 

59. Gallagher, T., et al., 2 Crystal-Structures of the B1 Immunoglobulin-Binding 
Domain of Streptococcal Protein-G and Comparison with Nmr. Biochemistry, 
1994. 33(15): p. 4721-4729. 

60. He, Y., et al., NMR structures of two designed proteins with high sequence 
identity but different fold and function. Proceedings of the National Academy of 
Sciences of the United States of America, 2008. 105(38): p. 14412-14417. 

61. Zhang, Y. and J. Skolnick, TM-align: a protein structure alignment algorithm 
based on the TM-score. Nucleic Acids Research, 2005. 33(7): p. 2302-2309. 

62. Hinds, D.A. and M. Levitt, A lattice model for protein-structure prediction at low 
resolution. Proceedings of the National Academy of Sciences of the United States 
of America, 1992. 89(7): p. 2536-2540. 

63. Miyazawa, S. and R.L. Jernigan, Residue-residue potentials with a favorable 
contact pair term and an unfavorable high packing density term, for simulation 
and threading. Journal of Molecular Biology, 1996. 256(3): p. 623-644. 



 108 

64. Betancourt, M.R. and D. Thirumalai, Pair potentials for protein folding: Choice 
of reference states and sensitivity of predicted native states to variations in the 
interaction schemes. Protein Science, 1999. 8(2): p. 361-369. 

65. Tobi, D., et al., On the design and analysis of protein folding potentials. Proteins-
Structure Function and Genetics, 2000. 40(1): p. 71-85. 

66. Meller, J. and R. Elber, Linear programming optimization and a double statistical 
filter for protein threading protocols. Proteins-Structure Function and Genetics, 
2001. 45(3): p. 241-261. 

67. Tanaka, S. and H.A. Scheraga, Medium- and long-range interaction parameters 
between amino acids for predicting three-dimensional structures of proteins. 
Macromolecules, 1976. 9(6): p. 945-950. 

68. Durbin, R., et al., Biological sequence analysis: Probabilistic models of proteins 
and nucleic acids. 1998, Cambridge: Cambridge University Press. 

69. Meyerguz, L., Kempe, D., Kleinberg, J., Elber, R., The evolutionary capacity of 
protein structures. RECOMB, 2004. 

70. Bowie, J.U., R. Luthy, and D. Eisenberg, A method to identify protein sequences 
that fold into a known 3-dimensional structure. Science, 1991. 253(5016): p. 164-
170. 

71. Cossio, P., et al., A simple and efficient statistical potential for scoring ensembles 
of protein structures. Scientific Reports, 2012. 2. 

72. Fiser, A. and A. Sali, MODELLER: Generation and refinement of homology-
based protein structure models. Macromolecular Crystallography, Pt D, 2003. 
374: p. 461-491. 

73. Wang, Q., A.A. Canutescu, and R.L. Dunbrack, SCWRL and MolIDE: computer 
programs for side-chain conformation prediction and homology modeling. Nature 
Protocols, 2008. 3(12): p. 1832-1847. 

74. Elber, R., et al., Moil - a Program for Simulations of Macromolecules. Computer 
Physics Communications, 1995. 91(1-3): p. 159-189. 

75. Jorgensen, W.L., et al., Comparison of Simple Potential Functions for Simulating 
Liquid Water. Journal of Chemical Physics, 1983. 79(2): p. 926-935. 

76. Essmann, U., et al., A Smooth Particle Mesh Ewald Method. Journal of Chemical 
Physics, 1995. 103(19): p. 8577-8593. 

77. Greenfield, N.J., Using circular dichroism collected as a function of temperature 
to determine the thermodynamics of protein unfolding and binding interactions. 
Nature Protocols, 2006. 1(6): p. 2527-2535. 

78. Bruylants, G., J. Wouters, and C. Michaux, Differential scanning calorimetry in 
life science: Thermodynamics, stability, molecular recognition and application in 
drug design. Current Medicinal Chemistry, 2005. 12(17): p. 2011-2020. 

79. Hoffmann, B., et al., Rapid assessment of protein structural stability and fold 
validation via NMR. Nuclear Magnetic Resonance of Biological Macromolecules, 
Part C, 2005. 394: p. 142-175. 

80. Elber, R. and M. Karplus, Multiple conformational states of proteins - A 
molecular dynamics analysis of myoglobin. Science, 1987. 235(4786): p. 318-321. 



 109 

81. Soranno, A., et al., Quantifying internal friction in unfolded and intrinsically 
disordered proteins with single-molecule spectroscopy. Proceedings of the 
National Academy of Sciences of the United States of America, 2012. 109(44): p. 
17800-17806. 

82. Cordes, M.H.J., et al., Solution structure of switch arc, a mutant with 3(10) 
helices replacing a wild-type beta-ribbon. Journal of Molecular Biology, 2003. 
326(3): p. 899-909. 

83. Alexander, P., et al., The design and characterization of two proteins with 88% 
sequence identity but different structure and function. Proceedings of the National 
Academy of Sciences USA. Vol. 104. 2007. 11963-11968. 

84. Adamczak, R., A. Porollo, and J. Meller, Combining prediction of secondary 
structure and solvent accessibility in proteins. Proteins-Structure Function and 
Bioinformatics, 2005. 59(3): p. 467-475. 

85. Jones, D.T., Protein secondary structure prediction based on position-specific 
scoring matrices. Journal of Molecular Biology, 1999. 292(2): p. 195-202. 

86. Young, M., et al., Predicting conformational switches in proteins. Protein 
Science, 1999. 8(9): p. 1752-1764. 

87. Rost, B., Review: Protein secondary structure prediction continues to rise. 
Journal of Structural Biology, 2001. 134(2-3): p. 204-218. 

88. Howarth, J.W., et al., Phosphorylation-dependent conformational transition of the 
cardiac specific N-extension of troponin I in cardiac troponin. Journal of 
Molecular Biology, 2007. 373(3): p. 706-722. 

89. Takatori, A., et al., Differential transmission of MEKK1 morphogenetic signals by 
JNK1 and JNK2. Development, 2008. 135(1): p. 23-32. 

90. Eswar, N., et al., Comparative Protein Structure Modeling with Modeller. Current 
Protocols in Bioinformatics, 2006. 5.6: p. 5.6.1-5.6.30. 

91. Marchler-Bauer, A., et al., CDD: a Conserved Domain Database for the 
functional annotation of proteins. Nucleic Acids Research, 2011. 39: p. D225-
D229. 

92. Larkin, M.A., et al., Clustal W and clustal X version 2.0. Bioinformatics, 2007. 
23(21): p. 2947-2948. 

93. Shaw, D.E., et al., Millisecond-scale molecular dynamics simulations on Anton, in 
Proceedings of the Conference on High Performance Computing Networking, 
Storage and Analysis. 2009, ACM: Portland, Oregon. p. 1-11. 

94. Shaw, D.E., et al., Atomic-Level Characterization of the Structural Dynamics of 
Proteins. Science, 2010. 330(6002): p. 341-346. 

95. Muller, K. and L.D. Brown, Location of saddle points and minimum energy paths 
by a constrained simplex optimization procedure. Theoretica Chimica Acta, 1979. 
53(1): p. 75-93. 

96. Powell, M.J.D., Efficient Method for Finding Minimum of Function of Several-
Variables without Calculating Derivatives. Computer Journal, 1964. 7(2): p. 155-
162. 



 110 

97. Swope, W.C., et al., A computer-simulation method for the calculation of 
equilibrium constants for the formation of physical clusters of molecules: 
application to small water clusters. Journal of Chemical Physics, 1982. 76(1): p. 
637-649. 

98. Kirkpatrick, S., C.D. Gelatt, and M.P. Vecchi, Optimization by simulated 
annealing. Science, 1983. 220(4598): p. 671-680. 

99. Huttenlocher, D.P., G.A. Klanderman, and W.J. Rucklidge, Comparing images 
using the Hausdorff distance. Ieee Transactions on Pattern Analysis and Machine 
Intelligence, 1993. 15(9): p. 850-863. 

100. Eiter, T. and H. Mannila, Computing discrete Fréchet distance. 1994, Citeseer. 
101. Alt, H.G., Michael, Computing the Fréchet distance between two polygonal 

curves. Int J Comput Geom Appl., 1995. 5(1-2): p. 75-91. 
102. Kabsch, W., Solution for best rotation to relate 2 sets of vectors. Acta 

Crystallographica Section A, 1976. 32(SEP1): p. 922-923. 
103. Weinbach, Y. and R. Elber, Revisiting and parallelizing SHAKE. Journal of 

Computational Physics, 2005. 209(1): p. 193-206. 
104. Cochran, A.G., N.J. Skelton, and M.A. Starovasnik, Tryptophan zippers: Stable, 

monomeric β-hairpins. Proceedings of the National Academy of Sciences, 2001. 
98(10): p. 5578-5583. 

 


