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A b s t r a c t

Simulating, Refining and Modeling Protein Structures 
with Multi-scale Methods 

by 

Yinghao Wu

We have developed different computational methods for refining, 

modeling and simulating protein structures in multi-scale resolution. Combining 

with experimental information from different structural biological method such as 

Fiber Diffraction, cryo-Electron Microscopy (cryo-EM), Small Angle X-ray 

Scattering (SAXS) and X-ray Crystallography, we show that our methods can be 

employed to improve the study of protein structures.

In detail, the atomic structure of actin filament was refined against fiber 

diffraction data by our long-range normal mode based refinement protocol, which 

for the first time demonstrate that, for any fiber diffraction data, a substantial 

amount of refinement error is due to the deformations of the filaments. A 

geometry-based loop motif filter was then constructed followed up with an 

energetic ensemble optimization, in order to detect higher resolution structural 

information from intermediate-resolution cryo-EM experimental data. The results 

also im ply that, am ong all the possib le topology  candidates for a g iven  skeleton, 

evolution has selected the native topology as the one that can accommodate the 

largest structural variations, not the one rigidly trapped in a deep, but narrow, 

conformational energy well. We further introduced a new Monte-Carlo simulation
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technique, which combines elastic network model and a Hamiltonian at a different 

scale to study the protein folding problem assisted by the small angle X-ray 

scattering (SAXS) profiles. It was shown that our approach was effective for 

deriving the topology of small, globular helical proteins or protein domains. 

Finally, a new knowledge-based potential that only requires the Ca positions as 

input was built, which is expected to adds a new tool for protein structural 

modeling..
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1

C H A PT E R  1.

General Introduction

1.1 Introduction and Background

Proteins are an important class of biological macromolecules present in all 

biological organisms. They participate in almost every process within cells. Many 

proteins are enzymes that catalyze biochemical reactions, and are vital to 

metabolism. Proteins also have structural or mechanical functions, such as actin 

and myosin in muscle, and the proteins in the cytoskeleton, which forms a system 

of scaffolding that maintains cell shape. Other proteins are important in cell 

signaling, immune responses, cell adhesion, and the cell cycle.

Protein molecules owe their enormous functional versatility to the fact that 

they spontaneously fold into complicated and unique conformations determined 

by the particular primary sequence '. Proteins fold into their specific spatial 

conformations driven by a number of non-covalent interactions such as hydrogen 

bonding, ionic interactions, Van der Waals' forces and hydrophobic packing.

There are four distinct aspects of a protein’s structure. The primary 

structure, the amino acid sequence of the peptide chains, is held together by 

covalent or peptide bonds, which are made during the process of protein 

biosynthesis or translation. The secondary structures are highly regular sub

structures, alpha helix and strands of beta sheet, which are defined by their 

patterns of hydrogen bonds between the main-chain peptide groups. Tertiary
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structures of proteins are spatial arrangement of the secondary structures, while 

quaternary structure is the complex of several protein molecules or polypeptide 

chains, which usually called as protein subunits in this context and function as 

part of the larger assembly or protein complex.

In order to understand the functions of proteins at a molecular level, it is 

often necessary to determine the three dimensional structure of proteins. 

Currently, structural biology plays a very important role in the field of bioscience, 

since it can provide a direct view of the construction of bio-molecules and 

intuitive clues of their functional mechanism. Common experimental methods of 

structure determination include X-ray crystallography, fiber diffraction and NMR 

spectroscopy, which can produce information at atomic resolution. Cryo-electron 

microscopy (EM) and small angle scattering (SAXS) are used to produce lower- 

resolution structural information.

Fiber diffraction is widely employed for studying structures of 

biologically important filamentous systems 4 ranging from simple polypeptides to 

cyto-skeletal filaments and filamentous viruses. The components of such 

assemblies often do not crystallize, as their natural tendency is to form helical 

aggregates. In fiber diffraction experiments, the fiber specimens are aligned 

axially, but not azimuthally, and diffraction patterns are cylindrically averaged, 

which leads to the characteristic layer lines. Fiber diffraction data led to several 

important advances in the development of structural biology, e.g., the original 

models of the Alpha-helix and the Watson-Crick model of double-stranded DNA.
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X-ray crystallography is the science of determining the arrangement of 

atoms within a crystal from the manner in which X-rays are deflected by the 

crystal. X-ray crystallography begins with growing a pure crystal of the material 

whose structure is to be determined. A beam of x-rays is then passed through the 

crystal. The regular and repeating arrangement of atoms in the crystal gives rise to 

a complex pattern of spots, which originally were recorded on film. Encoded in 

the pattern is information about the positions of the atoms in the crystal. With a 

considerable amount of mathematical computation it is possible to calculate a 

map of electron densities, displayed as contour maps resembling topographic 

maps in geography. The peaks in the electron density map correspond to the 

atomic positions in the molecule. From that map, a 3-D model of the molecule can 

be constructed. Biological X-ray crystallography is, to date, the most prolific 

discipline within the area of structural biology; out of the -42000 protein 

structures solved, X-ray crystallography is responsible for -36000, according to 

the Protein Data Bank (PDB).

Electron cryo-microscopy (cryo-EM) is an emerging technique for solving 

structures of large macromolecular complexes. It does not require crystalline 

order for the studied specimens. This unique capability makes cryo-EM extremely 

valuable in imaging and solving the structures and the dynamics of 

macromolecular machines.

Small-angle scattering of X-rays (SAXS) is a fundamental method for 

structure analysis of materials. SAXS yields information on the sizes and shapes 

of non-crystalline particles. The SAXS patterns are collected at very small angles
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(less than a degree). SAXS is capable of delivering structural information of 

macromolecules between 1 and 25 nm, of repeat distances in partially ordered 

systems of up to 150 nm. Usually SAXS is used to determine the structure of 

particle systems in terms of average particle sizes and shapes. The materials can 

be solid or liquid and they can contain solid, liquid or gaseous domains (so-called 

particles) of the same or another material in combination. The method is accurate, 

non-destructive and usually requires only a minimum of sample preparation. The 

X-ray scattering curve (intensity versus scattering angle) is used to create a low- 

resolution model of a protein. In comparison to other structure determination 

methods, like NMR or X-ray crystallography, SAXS allows one to overcome 

some restraints. For example, NMR is limited to protein size, whereas SAXS can 

be used for small molecules as well as for large molecular assemblies. Structure 

determination by X-ray may take several weeks or even years, whereas SAXS 

measurements take days.

Moreover, the consideration of protein dynamics also arises because 

proteins are not static. In fact, the motions arising from its interaction with 

surrounding solvent molecules play crucial role in their functions and interactions 

with other molecules such as DNA, ligands, other proteins etc.

In this thesis, we use different computational methods to study the protein 

structure information, combined with different experimental data from fiber 

diffraction, cryo-EM, SAXS and x-ray crystallography. The protein structures 

were refined, simulated and modeled by multiple computational methods such as
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large-scale elastic network model, structural bioinformatics, Monte-Carlo 

simulation and knowledge-base potential.

Elastic network models have been used to study the properties of coarse 

grained models of proteins and larger bio-molecular complexes. Such network 

models provide important insights into the nature of macromolecular motions, and 

the relationships to biological functions. The model uses the harmonic 

approximation to model interactions, i.e. the spatial interactions between nodes 

(amino acids or nucleotides) are modeled with a uniform harmonic spring. This 

coarse-grained representation makes the calculations computationally 

inexpensive. Elastic network models, which use Hooke springs between pairs of 

atoms, therefore describe the rigidity and the connectivity of the protein5. At 

molecular level, many biological phenomena, such as catalytic activity of an 

enzyme, occur within the range of nanosecond to millisecond timescales. All 

atom simulation techniques, such as molecular dynamics, rarely reach 

microsecond trajectory length, depending on the size of the system and accessible 

computational resources. Elastic network models in general provide insights on 

the longer-scale functional behaviors of macromolecules. Here, the model 

captures native state functional motions of a bio-molecule in the cost of atomic 

detail. The inference obtained from this model is complementary to atomic detail 

simulation techniques.

Structural bioinformatics uses computational techniques and 

bioinformatics tools to model or mimic the 3D structures of bio-molecules. In 

current stage of structural biology, the mission of tackling increasingly
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complicated cellular systems has led to a reality that structures of many bio

molecules, at least at early stages, can be obtained only at low to intermediate 

resolutions, therefore only incomplete structural information of these molecules 

can be obtained by experimental tools. Typical examples are seen in the 

measurements of cryo-electron microscopy (cryo-EM) and low resolution protein 

crystallography. One goal of the advanced structural bioinformatics methods is 

therefore to aid in interpretation of structural information at intermediate or higher 

resolutions. Moreover, it is a big challenge in structural biology that the 

conventional methods of building atomic model are not applicable to the 

intermediate resolution data. Therefore novel structural informatics tools are in 

high demand to bridge the missing link between the intermediate resolution 

structures and the conventional structural studies, which require at least atomic or 

C-a atom models.

Monte Carlo methods are a widely used class of computational algorithms 

for simulating the behavior of various physical and biological systems. A Monte 

Carlo simulation attempts to overcome energy barriers and find global low-energy 

conformations 6. Before the simulation begins, a set of conformational moves is 

selected. Beginning with the initial conformation, each subsequent conformation 

is mutated by a random move. If the change in energy AE is negative (i.e., the 

new conformation has a lower energy), the move is automatically accepted. If 

AE > 0, the move will be accepted according to the Metropolis criterion. The 

simulation terminates when the ratio of accepted to attempted mutations (the 

acceptance ratio) falls below some threshold. The potential acceptance of higher
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energy conformations allows Monte Carlo simulations to overcome energy 

barriers and find globally low-energy conformations. Monte Carlo simulations are 

widely applied in modem computational biology in conformational sampling of 

bio-molecules, protein structure prediction and drug discovery.

A knowledge-based potential is an energy function derived from an 

analysis of known stmctures in the Protein Data Bank. Typical measures could be 

empirical observations about the likelihood of native contacts between any two 

amino acid residues in the native state tertiary stmctures of proteins. It is 

formulated as an interaction matrix that assigns a weight or energy value to each 

possible contact pair of standard amino acids. The energy of a particular structural 

model is then the combined energy of all the residue-residue contacts identified in 

the structure. The probabilities or weights are determined by statistical 

examination of native contacts present in a database of stmctures represented in 

the Protein Data Bank. According to the energy landscape view of protein folding, 

stmctures that closely resemble the native state will be distinguishably lower in 

free energy than those that are different from the native state. Typical knowledge- 

based potential measures could be backbone torsion angles, binned by residue 

pairs or triplets, solvent accessibility or hydrogen bond characteristics. 

Knowledge-based potentials are currently popular to be used as energy functions 

in the assessment of an ensemble of structural models produced by stmcture 

prediction methods, either homolog modeling or De Novo assembling.

We show in our thesis how these state-of-the-art computational methods 

can improve the study of protein stmctures. The practical role of computational
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biophysics is now more important than ever. Because the output of community- 

wide efforts in structural genomics, typically by time-consuming and relatively 

expensive X-ray crystallography or NMR spectroscopy, is lagging far behind the 

output of large-scale DNA sequencing efforts such as the Human Genome 

Project, computational modeling and prediction of protein structures can offer an 

efficient and fast alternative which will be very valuable to tasks as rational drug 

design. Furthermore, current structural biology methods, such as X-ray 

crystallography and Cryo-EM have a big limitation that they can only provide 

static structures of bio-molecules, while most biological events are dynamic 

processes 2’3. That is why computational biophysics is so significant in extending 

the structural information to fully understand the functional mechanism of 

biological targets. It can not only capture the dynamic features, but sometimes 

also reveal the physics and chemistry underneath. Moreover, it opens the door of 

biology for the well-developed theoretical and computational methods in 

chemistry, physics, mathematics and computer science, which greatly broadens 

the approaches to understand the fast developing biological field.

1.2 Organization of Thesis

The thesis is organized as follows. In Chapter 2, we introduce a 

computational method to refine the atomic model of actin filament against fiber 

diffraction data using long-range normal modes. Actins are filamentous protein 

complexes that are important for cell transport, cytoskeletal support, and 

contractile events in almost all eukaryotic cells. The abnormal interaction of actin
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filaments with other proteins can cause Alzheimer’s disease7, deafness, dystonia8 

and other diseases for human being. However, there is still no high-resolution x- 

ray structure of F-actin, because in the conventional fibre diffraction refinement 

procedures, fibers are assumed to be perfect straight helices. In reality, however, 

fibers are flexible and undergo all sorts of static and dynamic disordering that 

contribute to the modulation of diffraction patterns. Such disordering wasn’t taken 

into account in refinement of any previous methods. We developed novel 

computational algorithm such as Substructure Synthesis Method to make this 

large-scale computational project possible 9. Including only 7-9 bending modes as 

adjustable parameters, we yielded a lowest i?-factor of 6.3%. More importantly, 

the results of this study for the first time demonstrate that, for any fiber diffraction 

data, a substantial amount of refinement error is due to long-range deformations, 

especially the bending, of the filaments. The effects of these intrinsic 

deformations cannot be easily compensated for by adjusting local structural 

parameters, and must be properly accounted for in the refinement to achieve 

improved fit of refined models with experimental diffraction data.

In Chapter 3, we describe a computational procedure for determining 

protein native topology based on skeletons of secondary structures provided by 

low or mediate resolution experimental methods such as Cryo-EM. As one of the 

major experimental approaches in structure biology, Cyro-EM is wildly applied in 

studying the structures of super molecular complexes, for example, viruses 10,u. 

However, EM researchers face a big challenge in acquiring high resolution 

structural information, so as to limit them from further throwing light on
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functional interpretation to biochemical mechanisms such as virus inflammation. 

Previous bioinformatics approaches were only limited to locate secondary 

structure elements from the density map 12,13. Therefore, how to derive the 

connectivity among these secondary structure elements becomes the final missing 

link. Based on a knowledge-based geometry filter followed by an energy-based 

evaluation, we could effectively deduce protein folds from secondary structure 

skeleton with a high accuracy. More importantly, in the energetic-based 

evaluation, it was revealed that, despite the inevitable errors in the artificially 

constructed structures and limited accuracy of knowledge-based potential 

functions, the average energy of an ensemble of structures with slightly different 

configurations around the native skeleton is a much more robust parameter for 

marking native topology than the energy of individual structures in the ensemble. 

This result implies that, among all the possible topology candidates for a given 

skeleton, evolution has selected the native topology as the one that can 

accommodate the largest structural variations, not the one rigidly trapped in a 

deep, but narrow, conformational energy well. For the practical purpose, we 

successfully apply our method to real experimental data, a 7.6A density map of X2 

protein from reovirus and the results were more than encouraging. We also 

suggest our method could be used to recognize native fold in structure prediction 

and to interpret data in fields like structure genomics.

In Chapter 4, a new Monte Carlo protocol is presented, which combines 

coarse-grained normal modes and a Hamiltonian at a different scale to study the 

protein folding problem assisted by the small angle X-ray scattering (SAXS)
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profiles. SAXS is a relatively low-cost and fast method compared with other 

solution-phase methods such as NMR and playing more and more promising role 

in nowadays structure biology. Currently, this technique has been applied to 

systems like Werner Syndrome Protein 14 and DNA gyrase, which is a significant 

target for antibacterial drugs 15. However, the major bottleneck of SAXS lies in 

the random orientation of dissolved molecules there occurs spatial averaging 

which leads to a loss of information. Many previous computational related works 

were dedicated to provide the rough structural information about the molecular 

shape 16,11. However, using the SAXS profiles as constrain, we testify that we can 

do more than this. It was shown that our approach was particularly effective for 

deriving the topology of small, globular helical proteins or protein domains. In 

our method, the conformational space was sampled by such a MC protocol that, it 

essentially separates the Hamiltonians between the random walk and Metropolis 

criterion. In each step of the simulation, a small set of low-frequency normal 

modes was first computed based on the Ca trace by elastic normal mode analysis 

(eNMA) with the block normal mode (BNM) scheme for constructing the Hessian 

matrix (the helical regions were kept as rigid bodies during MC simulation).

Then, the structure was changed along a randomly chosen mode by a random 

displacement. Different from what was used to compute normal modes, the 

energy function used to evaluate the acceptance included a short-range bonded 

term, a long-range non-bonded term, a hydrophobicity term, and a constraint 

derived from the SAXS profile. Furthermore, our new method has been 

successfully applied to a real experimental example, brain spectrin, which is an
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important protein relating to diffuse axonal injury 18. Such a success would 

dramatically improve the effective resolution of SAXS technique. It is potentially 

possible to make SAXS a powerful structural determination tool that bridges the 

apparent gap between x-ray crystallography and cryo-EM for small soluble 

proteins that are hard to crystallize.

In Chapter 5, we report a knowledge-based potential function that requires 

only Ca positions as input. The contributions from other atomic positions were 

established from pseudo-positions artificially built from a Ca trace for auxiliary 

purposes. The potential function is formed based on seven major representative 

molecular interactions in proteins: distance-dependent pair-wise energy with 

orientational preference, hydrogen bonding energy, short-range energy, packing 

energy, tri-peptide packing energy, three-body energy, and solvation energy.

From the testing of decoy recognition on a number of commonly used decoy sets, 

it is shown that the new potential function outperforms all known Ca-based 

potentials and most other coarse-grained ones that require more information than 

Ca positions. We hope that this potential function adds a new tool for protein 

structural modeling.

Finally, in Chapter 6, the entire thesis work is summarized and some 

important issues for future investigation are discussed.
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C H A PT E R  2.

Refinement of F-actin Model against Fiber Diffraction Data by 

Long-Range Normal Modes

2.1 Introduction

Fiber diffraction is a powerful experimental method for determining 

structures of filamentous systems34 that are abundant in biological organisms. 

Systems that have been studied by fiber diffraction cover a wide range of forms 

ranging from simple polypeptides, poly-nucleotides, and polysaccharides, to cyto- 

skeletal filaments and filamentous viruses.

In fiber diffraction, the fiber specimens align axially, but not azimuthally. 

Therefore, the diffraction patterns are cylindrically averaged and present 

characteristic layer lines, the spacing of which are determined by the helical 

symmetry of the diffracting helical fibers. The cylindrical averaging leads to 

inevitable loss of diffraction information so that the number of independent 

diffractions of fibers is considerably smaller than that from a single crystal with a 

similar size of asymmetric unit. Thus, there are usually not sufficient data to 

refine the Cartesian coordinates of every atom in the fibers, which imposes a 

severe challenge to defining a proper set of parameters for effective structural 

refinement37.

In fiber diffraction experiments, the fibers are usually flexible and 

dynamic, and the specimens contain all kinds of deviations from perfectly aligned
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helical systems. In traditional methods for refining fiber diffraction data, the 

effects of the cumulative random angular disordering in the calculated intensities 

are modeled by a convolution of a Gaussian function9, as is the disorientation of 

the fiber axes13. The fibers themselves are assumed to be straight helices. In 

reality, however, the fibers undergo all sorts of static and dynamic disordering 

resulting from deformations such as bending, twisting, and stretching. All these 

deformations are likely to contribute to the modulation of diffraction patterns and 

should be taken into account in refinement. Lack of such a consideration in 

refinement can lead to severe mistreatment of errors.

It has been shown in previous studies2,24 that collective long-range 

deformations of a filament, such as bending, twisting, and stretching, can be 

effectively described by normal modes of the filament. These modes form an 

ortho-normal basis set of the generalized coordinates that theoretically describes 

collective vibrations of a structure near an energy minimum. With this basis set, a 

specific molecular deformation can be expressed as a linear combination of the 

normal modes. In biological macromolecules, only low-frequency modes make 

dominant contributions to atomic fluctuations3,4’20.

Given that they describe molecular deformations in a collective way, 

normal modes are naturally the adequate choices as refinement parameters when a 

small set of parameters are allowed to effectively refine the diffraction data.

Earlier application of such an idea was to refining the x-ray crystallographic 13- 

factors 7’17. In this study, we developed a refinement protocol that employed the 

long-range normal modes as refinement parameters for fiber diffraction data. As
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an approximation, we assume that deformations occur within the periodic repeat 

of the filaments (helical unit cell) with a certain defined length. The straight rigid 

filament model used in traditional refinement methods is thus substituted by 

wavelike conformations.

We applied our method to the refinement of the F-actin model against 

fiber diffraction data. Actins are important filamentous protein complexes that are 

involved in cell transport, cyto-skeletal support, and contractile events in almost 

all eukaryotic cells 6’27. They are known to be highly flexible and dynamic 8'10,12,
1 C  I Q  c

’ ’ ’ . The x-ray structures of various states of the monomeric G-actin subunit 

have been solved l6,22’29’32'33. The polymeric F-actin filament has the Holmes 

model14, established from fiber diffraction data and the x-ray structure of the G- 

actin subunit16. In the standard Holmes model, F-actin filaments appear to be 

formed by two right-handed long-pitch helical strands that twist around each other 

with a rise of 27.5 A and a rotation angle of 166.158° per monomer around the 

filament axis. The minimum repeat of the double-stranded helix is 37.5 nm and 

contains 13 subunits (the 13-subunit repeat) and the total length of F-actin attains 

several microns or longer.

Besides the standard Holmes model, there are several modified versions of 

the atomic models of F-actin filaments. One model was refined by Tirion and co

workers (Tmodel35), on the basis of the standard Holmes model, with the 

deformations of the G-actin subunit modeled by normal modes and all subunits 

assumed to move in an identical way along the filament. Although the Tmodel 

used a reduced number of refinement parameters by employing the normal modes
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Figure 2.1 Structural models of actin

(a) Structure of a monomeric G-actin in the latest F-actin model refined by Holmes (nHmodel;
Kenneth C. Holmes, private communication). Four domains are marked (domain 2 carries the 

DNase I binding loop) and the small heptapeptide phalloidin is drawn in a darker color with a coil 
representation (at the top of the molecule), (b) A 13-subunit repeat of F-actin filaments established 
from the helical parameters of the standard Holmes model (Holmes et al., 1990). The two helical 

strands are colored differently and the atomic coordinates were blurred to 8 A resolution to
illustrate the overall shape.

calculated on a single G-actin subunit, no effects of long-range filament 

deformations were included in the refinement. Another model of F-actin was 

refined by Lorenz and co-workers (Lmodel21), using a method called directed 

mutation algorithm. Although the Lmodel achieved the lowest R-factor reported 

to date, the refinement utilized too many parameters, which has the potential 

problem of overfitting35. A new model was provided by Holmes (nHmodel; 

Kenneth C. Holmes, private communication), in which each subunit was refined
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as five rigid bodies; four of them were G-actin domains, and the remaining one 

was the heptapeptide phalloidin (Fig. 2.1).

Our method was tested on the nHmodel, which has an R-factor of 8.7%. It 

was found that the long-range deformations of the filaments, especially the 

bending, are the major sources of refinement errors. By incorporating such 

deformations into the refinement, with only 7-9 low-frequency normal modes as 

refinement parameters, we achieved the lowest R-factor of 6.3%. The results also 

demonstrate that errors from long-range filament deformations cannot be easily 

compensated for by merely adjusting local structural parameters, and that 

incorporation of such deformations is needed to improve the refinement.

2.2 Materials and Methods

Fiber Diffraction Theory

The diffraction pattern from a fiber is characterized by layer lines in 

reciprocal space due to the repeating nature of helical polymers. These layer lines 

are perpendicular to the fiber axis in real space. The layer line passing through the 

origin in reciprocal space is called the zero layer line or equator, while the line 

normal to the equator and passing through the origin is called the meridian.

Conventionally, the helical fiber is described by cylindrical coordinates, 

(r;,^ /,z/J in real space and (i?,^/,Z) in reciprocal space. The layer lines are

indexed by /. The separation between layer lines, Z, depends inversely on the 

length of helical unit cell, c, along the fiber axis (Z=//c) 31. At reciprocal space of 

radius R and lay line /, the intensity of the diffraction pattern ’ is given by
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I{R,l)=<F{R,¥ ,l)F \R ,¥ ,l)>¥, (2 .1)

where (...) stands for cylindrical average and F(R,i//,l) is the Fourier-Bessel 

structural factor (34) which can be expressed as

helical unit cell, / .  is the atomic scattering factor of atom j,  Jn is the Bessel 

function of the first kind of order n. Inside a helical unit cell, there are u 

asymmetric units in t turns of the helix. The summation over j  is over all atoms in 

the asymmetric unit and the summation over n only includes the terms that satisfy 

the helical selection rule34,

where m is any integer. The specific values of t and u describe the symmetry 

elements of rotation and translation that define the helix structure in real space.

For F-actin filament, the minimum repeat has 13 G-actin subunits in 6 

turns of the helix. In the conventional refinement of fiber diffraction data of F- 

actins, this 13-subunit repeat is regarded as a helical unit cell and individual G- 

actin as an asymmetric unit, so t is 6 and u is 13. In this study, however, we are 

interested in the effects of the inter-subunit dynamics on the diffraction pattern, 

the symmetry within a helical unit cell is completely disregarded so that each unit 

cell has only one asymmetric unit. Unit cells containing various numbers of G- 

actin subunits were used in the refinement. Accordingly, the selection rule was 

adjusted, and the summation over y, which used to be over all atoms in one G-

F(R, t//,l) = (2nRrj) expj +
n j

(2 .2)

In Equ.2, (r/,^ /.,z; J are the real-space cylindrical coordinates of atom j  in the

I =tn + um, (2.3)
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actin subunit, is expanded to include the multiple subunits within one unit cell. 

For instance, if our calculation uses a helical unit cell with a length of a 13- 

subunit repeat, then t is 6 and u is 1; if our calculation includes a helical unit cell 

with a length of a 26-subunit repeat, then t is 12 and u is 1.

As in the conventional methods for fiber refinement, to take into account 

the effects of the cumulative angular disordering, the calculated intensities are 

broadened and convoluted by a Gaussian function . The disorientation of the 

filaments around fiber axes is also treated as a convolution with a Gaussian 

function3.

Long-range Normal Mode Analysis by Substructure Synthesis Method

Due to the size of F-actin filaments and the limitation of the computational 

capacity, it is impossible for us to do an all-atom calculation for even a single 13- 

subunit repeat of the F-actin filaments. A Ca-based anisotropy network model 

(ANM)29 was therefore employed to calculate the coarse-grained normal modes 

for a 13-subunit repeat. However, with longer F-actin filaments, even the Ca- 

based method is not applicable to determining the modes anymore. Thus, we 

employed the newly developed substructure synthesis method (SSM) 30 to 

determine the modes for longer F-actin filaments 4 using the modes of the 13- 

subunit repeat as substructure modes. The algorithmic details of modal synthesis 

are given in reference 4.

Refinement of F-actin Using Long-range Normal Modes

The structural refinement of fiber diffraction requires adjustment of the 

coordinates of all atoms in the asymmetric unit, which is the entire helical unit
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cell of the filament in this study. We generated the coordinates for all atoms after 

deformation by superimposing the four domains of G-actin subunit, as rigid- 

bodies, onto the Ca trajectories along the eigenvectors of normal modes. 

Considering that we only used low-frequency modes which describe the long- 

range collective motions of the filament in the refinement, this rigid-body 

assumption for the domains is reasonable. In our study, all the domains were 

moved collectively along the normal mode trajectories. These motions are 

stereochemically allowable and can maintain proper inter-domain contacts.

Additionally, we also applied inter-domain constrains suggested by 

Holmes in his recent work. These constrains maintain the constant distances 

between two neighboring Ca atoms located in the boundary of different domains. 

These constrains were added as Lagrangian multipliers in nonlinear least-square 

minimization to prevent from inter-domain clashes in adjusting the amplitude of 

each normal mode.

Nonlinear Least-squares Refinement

As in previous studies of F-actin refinement 26‘28, the error in structural 

refinement is described by an i?-factor defined as residual,

'DfAx’y)-ICdC(x<yi\
’  < 2 ' 4 >

where Iobs and Icalc refer to the observed and calculated diffraction intensities at 

pixel location (x,y), respectively. The sum is over all points in the diffraction 

pattern.
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To refine the model of F-actin filament, one needs to determine the 

magnitudes of structural parameters by minimizing the error function,

<f = Z  2/  -  L i M y f , (2-5)
*0, w w )

where w is a weighting factor equal to Iobs(x,y) + a. The constant a  is chosen to 

suppress low signal noise fluctuations. We employed a nonlinear least-squares 

algorithm 35 to carry out the minimization. Such a method requires the evaluation 

of the second derivative matrix of the error function, £2, with respect to the 

structural parameters. This is done numerically by

w (x,y)
fcalcfoy)-1calcic) L iM ^ y ) -  Icalc{x,y)

1 l L \
(2.6)

Tcalc is the computed intensity of the current model after a trial shift by a small 

increment, £., of the structural parameters, qr Here q{ are low-frequency normal 

modes. The set of shifts, Aqp that minimizes £2 is given by the solutions of the 

set of linear equations,

2><A?, = 4 .  (2-7)

where Ak is the partial derivative of £2 with respect to qk, defined as

A k =  Z - 27 - t [ h b s i ^ y )  -  I  c a l c i f y ) ]  'w {x,y)x,y

^calc ix,y)~ ^calc (x,y) (2 .8)

The magnitudes of parameters, {A#,.}, are determined repeatedly and iteratively 

until they converge and produce no change in £2 in the error function (Equ.5).
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2.3 Results

The starting model of our refinement, nHmodel, has an R-factor of 8.7%. 

We mainly focus on improving the refinement by taking into account the motional 

effects of long filaments. The refinement was performed using various assemblies 

of G-actin subunits as helical unit cells within which the helical symmetry is 

completely disregarded, i.e., there is only one asymmetric unit in each helical unit 

cell and all atoms are treated unique.

Improvement of Refinement by Individual Low-frequency Modes of A 13- 

subunit Repeat

To start, we used the minimum 13-subunit repeat of F-actin as a helical 

unit cell for the refinement. The low-frequency normal modes were first 

calculated on the 13-subunit repeat using Ca-based anisotropic network model 

(ANM) 29. Then, each individual low-frequency mode was tested on the 

improvement of the refinement as judged by the reduction of R-factor. Fig.2.2 

shows the resultant .R-factor refined by a single low-frequency mode as a function 

of the mode index. All the first 20 lowest-frequency modes plotted reduced the R- 

factor to various degrees (the ceiling of the figure is the R-factor of nHmodel, 

8.7%). Refinements by the two very lowest-frequency modes (the 1st and 2nd 

vibrational modes after the six zero modes for overall translation and rotation are 

excluded) resulted in the smallest R-factor (7.4%) among all modes. These two 

modes belong to two perpendicular bending (transverse) motions. For the first 11 

lowest-frequency modes, except for the 3rd and 6th modes that are twisting 

(torsional) modes and the 9th that is a stretching (longitudinal) mode, all other
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Figure 2.2
Refinement results by each of the first 20 lowest-frequency vibrational modes as a function of the 

mode index. The refinement was based on the normal modes calculated for a 13-subunit repeat 
using the anisotropic network model. The ceiling of the figure is the value of R-factor of nHmodel

(8.7%), the starting point of this study.

modes are various kinds of bending modes with increasing frequency and 

shortening wavelengths. It is noted that all the bending modes caused larger 

decreases in ./(-factor (0.4 ~ 1.3%) than non-bending ones (0.2 ~ 0.3%), and the 

decrease of /(-factor caused by the bending modes becomes progressively smaller 

as the mode index increases. From these results, we conclude that bending 

motions of F-actin filament, especially the ones with very low frequencies, make 

the most important contributions to the improvement of the structure refinement. 

After the 11th mode, the trend of ./(-factor shows less regularity (Fig.2.2). These 

higher-frequency modes do not significantly lower ./(-factor and describe more
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Standing waves Free vibrations

Figure 2.3c

(a) Refinement results by individual bending modes with different lengths of repeating units as 
helical unit cells. For the purpose of illustration, the figure is drawn in a special way to align the 

modes in terms of their wavelengths. The intervals of the x axis are expressed in terms of 
multiples of the length of a single 13-subunit repeat. To make the points in the figure spread 

evenly, all intervals are arranged along the x axis evenly (rather than in terms of the numerical 
values of the actual multiples). The modes are marked in terms of their half-wavelengths by 

assuming that the shapes of waves are approximately trigonometric, i.e., those of standing waves.
The numbers following the letters at each point are inverted to the types of bending waves in 

terms of their wavelengths. For example, the first type of bending mode of the 13-subunit repeat 
has a multiple of 1 and is labeled as al, and the second type of bending mode has a multiple of 

1/2 and is labeled as a2, and so on. All the modes for longer repeating units are aligned 
correspondingly. For clarity, only one of the two degenerate modes was used in each type of 

wave, (b) Schematic illustration of the shapes of modes for the first type of bending mode of a 26- 
subunit repeat (26(1)), the second type of bending mode of a 52-subunit repeat (52(2)), and the 

fourth type o f  bending m ode o f  a 104-subunit repeat (104(4)). The curves are made based on the 
theoretical solutions of bending modes for an elastic homogeneous rod (Meirovitch, 1967). (c) 

The shapes of the first four types of bending modes for standing waves (left) and for free 
vibrations with equal lengths (right).

complicated motions with mixed features of bending, torsional and stretching 

modes.
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Improvement of Refinement by Individual Bending Modes with Repeating 

Units Longer Than 13-subunits

In the previous section, the refinement was based on the assumption that 

F-actin filaments move periodically in terms of the helical unit cell, which in this 

case contains 13 subunits. This assumption does not take into account the motions 

with wavelengths longer than one 13-subunit repeat. To investigate the effects of 

those longer-wavelength motions, we further carried out the refinement using 

repeating units (helical unit cells) longer than 13-subunits. The normal modes for 

these longer F-actin repeating units were generated by substructure synthesis 

method (SSM) based on the modes calculated on a 13-subunit repeat4’30.

Since the bending modes make the dominant contributions, here we 

explore the effects of individual bending modes at different lengths of the 

repeating unit (Fig.2.3a). The x-axis is calibrated to the multiples of the length of 

a 13-subunit repeat and the curves are aligned in terms of their approximate half 

wavelengths. It is interesting to note that, among all the curves, there is a 

minimum of i?-factor converged at a specific point, which corresponds to modes 

with a half wavelength of the length of a 26-subunit repeat. They are the 1st type 

of bending mode using 26-subunit repeat, the 2nd type of bending mode using 52- 

subunit repeat, and the 4th type of bending mode using 104-subunit repeat. All of 

these modes share a similar half wavelength as schematically illustrated in 

Fig.2.3b. The shapes of the first four types of bending modes for standing waves 

and free vibrations with equal lengths are shown in Fig.2.3c. Here, the half
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Figure 2.4
Refinement results using various lengths of repeats as helical unit cells with a combination of

multiple low-frequency normal modes.

wavelength for a free vibrational mode is approximately defined by comparing its 

shape with that of the standing wave.

Improvement of Refinement by a Combination of Multiple Modes

In addition to the refinements by a single mode in previous sections, we 

also tested how a combination of multiple modes improves the refinement. The 

combination of a larger number of modes is expected to provide an increased 

number of degrees of freedom for a more realistic description of the motions of

the filam ent, and thus y ield  a low er value o f  /^-factor.

For the refinement with the modes of a 13-subunit repeat, as shown in 

Fig.2.2, the /^-factor dropped to 7.4% when only one very-lowest-frequency 

bending mode was used. Here, the combination of more low-frequency bending
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modes further decreased the R -factor. For instance, the use of 9 lowest-frequency 

modes in the refinement resulted in a .R-factor of 7.0% (Fig.4). The value of R- 

factor did not decrease significantly when the number of modes exceeded 9. With 

longer lengths of helical unit cell (26-subunit and 52-subunit repeats), the trends 

of changes in i?-factor are similar, i.e. they monotonically decrease as the number 

of modes used in refinement increases and then level off. The final values of R- 

factor were 6.8% for the 26-subunits and 6.3% for the 52-subunits using 7 to 9 

modes.

To examine the effects of including more higher-frequency modes in the 

refinement, we refined the structure using a larger set of modes of the 13-subunit 

repeat. It was found that inclusion of these higher-frequency modes only 

marginally improved .R-factor. For example, the use of 28 well-behaved modes 

selected from the first 50 modes that mainly describe inter-subunit or inter

domain motions decreases .R-factor to 6.9%, only 0.1% better than using 9 lowest- 

frequency modes (7.0%).

Analysis of the Refined Structures

As shown in the previous section, the best result for the refinement was 

obtained using 52-subunit repeat with at least 7 lowest-frequency modes. The 

shape of the filament after such a refinement is shown in Fig.2.5a together with 

the nHmodel before the refinement. Compared in Fig.2.5b are the diffraction 

patterns of the computed (upper right and lower left quadrants) and the measured 

(upper left and lower right quadrants). The root mean square deviations (rmsd) 

between G-actin subunits before and after this long-range normal-mode
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FIGURE 5 Refinement results using a 52-subunit repeat as a helical unit cell, (a) The structure of 
the 52-subunit repeat in the initial nHmodel (top) and after refinement by the seven lowest- 

frequency normal modes (bottom), (b) The comparison of experimental (upper-left and lower-right 
quadrants) and computed (upper-right and lower-left quadrants) diffraction patterns. A nearly 

perfect fit between the two diffraction patterns is evident, (c) The RMSD between the 52-subunit 
repeat in the refined model and the nHmodel shown as a function of G-actin subunit index. The 

calculations were performed by superimposing all of the 52-subunit repeats. It is apparent that the 
RMSD has a wavelike distribution, consistent with the predominant contributions of the bending 
modes to the improvement of the refinement, (d) The contributions of each individual mode, i.e., 
Aqi in Eq. 7, as a function of mode index. The two second-type of bending modes make the most 

significant contributions, (e) The values of RMSDof each individual subunit (top) and domain 
(bottom) as a function of the subunit index. In contrast to the alignment in Fig. 5 c, the 
calculations were performed by superimposing each individual subunit independently.

refinement are plotted in Fig.2.5c, and the deviations can be as large as 14 ~ 18 A

indicating a significantly bent conformation of the filament after the refinement.

In order to dissect the contributions of each individual mode, we calculated the

Aqt in Eq.7 that are plotted in Fig.2.5d as a function of mode index. It is clear that

the largest contributions come from the two degenerate 2nd-type bending modes

consistent with what was described in Fig.3a. We also calculated the rmsd for the

each individual subunit and for each of the four G-actin domains that were treated

as rigid bodies and fit along normal mode trajectories step by step in the

refinement. The deviations in structures within subunits are expected to derive

only from domain rearrangement in our model. As shown in Fig.2.5e (top), the

average value o f the rmsd o f the subunit is less than 0.1 A, which indicates that all

the subunits moved nearly like rigid bodies following lowest-frequency motions

of the filament. Therefore, the better fit between the model and the diffraction

data has been achieved mainly by a more realistic modeling of the long-range

motions rather than local structural adjustments. In Fig.2.5e (bottom), it can be

seen that the smallest domain (domain 2) has the largest deviations, consistent

with the known fact of actin dynamics.
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Before Refinement After Refinement
R R fre e R R fre e

1 8.8% 8.2% 7.2% 6.6%
2 8.6% 9.9% 7.0% 8.3%
3 8.8% 8.2% 7.1% 6.3%
4 9.0% 6.4% 7.4% 5.4%
5 8.6% 11.4% 7.0% 9.2%
6 8.4% 12.6% 6.8% 10.2%
7 9.1% 5.8% 7.4% 4.4%
8 8.4% 10.5% 6.6% 9.7%
9 8.9% 7.5% 7.2% 6.1%
10 8.8% 8.3% 7.1% 6.8%

Average 8.7% 8.9% 7.1% 7.3%
TABLE 2.1 Results of free R-factor calculations from 10 independent refinements

However, it must be pointed out that, in our current refinement procedure, 

we assume that the four internal domains of G-actin subunit move as rigid-bodies 

although the normal mode calculations per se didn’t have such a constraint. This 

means that the contributions of modes with wavelengths similar to the physical 

sizes of the four G-actin domains are diminished in this procedure. Once such a 

constraint is lifted, the .R-factor is expected to decrease further by allowing the 

adjustment of local structures inside domains. The results of such a refinement 

will be done in future study.

Comparison of Refinement Results Using Different Models

To examine the effects of different starting models, we also applied our 

refinement protocol to other atomic models of F-actin filaments: the Tmodel

refined by Tirion et al in 1995 27 and the Lmodel refined by Lorentz et al in 1993

28

As with the nHmodel in previous sections, the Tmodel and Lmodel were 

refined with 9 lowest-frequency modes calculated on a 13-subunit repeat. The 

starting values of R-factor were 10.9% and 6.7% for Tmodel and Lmodel 

respectively. After refinement, the converged .R-factor dropped to 9.3% for
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The values of RMSD between 13-subunit repeats before and after the long-range normal-mode 
refinement using different starting models. All the curves have wavelike shapes, suggesting the 

predominant contributions of the bending modes.

Tmodel and 5.8% for Lmodel. The decreases of A-factor are 1.6% for Tmodel and

0.9% for Lmodel, in comparison to the 1.7% decrease for nHmodel. The values of 

rmsd for subunits in all models are shown in Fig.2.6. It is clear that, in all three 

models of F-actin, the final conformations are also wave-like in shape indicating 

the bending motions dominate the contributions.

In short, the results shown here demonstrate that our protocol is efficient 

for im proving the refinem ent o f  F-actin independent o f  the starting atom ic m odel 

of G-actin subunit.
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2.4 Concluding Discussion

This chapter reports the results of refining the fibre diffraction data of F- 

actin by using long-range normal modes as adjustable parameters to realistically 

describe the collective long-range filament motions. Modes reflecting long-range 

bending motions were found to make the most significant contributions to the 

improvement of the refinement. A combination of a very few of these modes, in 

most cases, 7-9 modes, was able to lower the i?-factor by more than 2%. Such a 

result demonstrates that normal-modes based refinement has the advantage of 

using a minimal number of adjustable parameters to achieve a maximal fitting 

efficiency, thus avoids the risk of overfitting the structural model. More 

importantly, it suggests that, for any fibre diffraction data, a substantial amount of 

refinement errors comes from long-range motions, especially bending motions, of 

the filaments. The effects of these intrinsic motions can not be easily compensated 

for by adjusting local structural parameters, and must be properly accounted for to 

achieve an improved fit of refined models with experimental data.

In our refinement protocol, all atoms in a helical unit cell are considered 

unique and all participate in the calculations. This means the rotational and 

translational symmetries within a repeating unit are disregarded. That makes such 

a refinement protocol particularly useful in the final stage of fibre diffraction 

refinement, once a refined model is obtained from conventional refinement with 

the perfect helical symmetry imposed from which the determination of the normal 

modes is possible. However, one must note that, as the length of the repeating unit 

used in normal-mode calculation increases, the number of atoms involved in the
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calculations quickly increases. This results in a quick increase of computational 

costs of the refinement. We will overcome this weakness in our future study.

It is noticed that although aligned in terms of the wavelengths, the R- 

factors with different lengths of repeating units in Fig.2.3a show certain degrees 

of variations at the same wavelength. These variations are probably mainly due to 

two factors. One could be the motions of the two ends of a repeating unit in 

normal modes. In our analysis, the modes of the repeating units were determined 

as free vibrational modes, while the reality in the filament is that the two ends are 

attached to the neighboring structures. Therefore, using the modes of free 

vibrations to refine the data is an approximation which contains certain degrees of 

error. If the waves within a single repeating unit were standing waves, the R- 

factors refined by modes of equivalent wavelengths are expected to be the same in 

Fig.2.3a. The other factor affecting the refinement could be the inhomogeneity of 

F-actin filament in shape that leads to inhomogeneity in different bending modes. 

This means that, since different sections along the filament are not identical, the 

bending modes along different bending directions are also not identical. The 

improvement over the approximation of using the normal modes computed as free 

vibrational modes of an isolated F-actin repeating unit to model the deformations 

of the filament will be a focus of the future study. It is also an approximation to 

assume that the vibrational motions of the filaments are periodic in terms of a 

specific length of repeating unit.

In our study, the four domains of G-actin subunit were assumed to move 

as rigid-bodies. This eliminates the contributions from slightly higher-frequency
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modes with wavelengths similar to the physical sizes of the domains. However, 

our normal mode calculations per se didn’t have such a restriction. Therefore, 

releasing the restriction of the domains as rigid bodies in refinement would allow 

the inclusion of the effects of flexibility within individual domains, which, in 

conjunction with the long-range filamentous movements, are expected to further 

decrease the R-factor. This will be the focus of future goals.
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C H A PT ER  3.

Determining Protein Topology from Skeletons of Secondary Structures

3.1 Introduction

In the field of structural biology, the mission of tackling increasingly complicated 

cellular systems has led to a reality that many structures, at least at early stages, can only 

be obtained at low to intermediate resolutions, at which only incomplete structural 

information can be obtained. Typical examples are seen in the measurements of electron 

cryomicroscopy (cryo-EM) ’’2’3’4’5’6’7’8’9’10 and low-resolution protein crystallography 

including structure genomics. Therefore, advanced computational methods that can aid in 

interpretation of structural information at intermediate resolutions are urgently needed.

In previous computational studies, major a-helices and p-strands can be 

efficiently located in intermediate-resolution density maps by methods such as 

helixhunter n , sheetminer 12, and sheettracer 13. The outputs of these methods outline the 

skeletons of secondary structures that describe the location of a-helices and P-strands. 

But, the information of the directionality of the secondary structures and loop 

connectivity among them is not available.

For a given skeleton of protein secondary structures, there are a large number of 

possible ways to connect the secondary structures by loops, i.e., there exist multiple 

topology candidates that can be assigned to a given skeleton (Fig.3.1). Among them, only 

one is the native topology selected during evolution for folding, stability and function. 

Therefore, the problem of determining native protein topology, or fold, based on
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Figure 3.1. Schematic representation of protein topology space. For a given secondary-structural skeleton, 
there are a large number of possible topology candidates associated with it. Together they form a topology 
space. In the Figure, the skeleton is depicted in such a way that helices are drawn as cylinders and strands 

as ribbons. In the schematic diagrams of the topology space, the circles are for a-helices and triangles for b-
strands.

intermediate-resolution structural data becomes a problem of how to derive protein 

topology from secondary-structural skeletons.

To achieve the above goal, we have developed an energetics-based procedure for 

evaluating topology candidates. The method assigns protein sequence to the modeled Ca- 

traces and energy is calculated using knowledge-based pair-wise potential function 14. 

Moreover, to accelerate the screening, a complementary geometry-based analysis was 

also developed. It focuses on utilizing geometry scoring functions, based on knowledge 

extracted from high-resolution protein structure database, to narrow down the number of 

possible topology candidates that a given protein skeleton is most likely to adopt. The 

output of geometry screening is used as input for final energetic screening.
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The method has been extensively tested on secondary-structural skeletons of 50 

medium-sized single-domain protein structures obtained from the Protein Data Bank 

(PDB). Among them 25 were all-helical proteins and 25 were sheet-containing proteins. 

They were also tested on skeletons in which one or more secondary structures were 

purposely removed and an eight-stranded skeleton obtained from an experimental 7.6 A

12 13cryo-EM density map using sheetminer and sheettracer . In most cases, the native 

topology was identified as the most energetically favorable one for a given skeleton.

These results strongly suggest it is indeed plausible to derive reliably protein native 

topology from secondary-structural skeletons.

In our study, a major working hypothesis is that, for a given protein skeleton, its 

native topology is chosen by evolution to accommodate the largest structural variation, 

not merely the one trapped in a deep, but narrow, energy well. A natural implication of 

such a hypothesis is that the average energy of an ensemble of structures varying in the 

vicinity of native skeleton would most likely to be the lowest, and the standard deviation 

of the average energy would be the smallest. Our results seem to support the hypothesis 

very well and they also seem to indicate that the ensemble-averaging scheme is an 

effective way of compensating the inevitable errors in the artificially constructed 

structures and in empirical potential functions.

The sections in this chapter are arranged in such a way that Introduction is 

followed by Methods for ease of understanding the new computational procedure. The 

results are presented after the methods section. Some of the discussion points are given in 

the final concluding discussions section.
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3.2 Methods

Generation of Topology Candidates

Generation of all possible topology candidates was the first step for the new 

computational procedure and required two kinds of inputs: (1) the secondary-structural 

skeleton in three-dimensional space including the axes for a-helices and pseudo-traces 

for P-strands without information of connectivity (referred to as “skeleton” hereafter); 

and (2) the secondary structure assignment on the primary amino-acid sequence (referred 

to as “assignment” hereafter).

To obtain skeletons, we first used 50 high-resolution crystal structures deposited 

in the PDB. From each crystal structure, sequence identity and directionality of all 

secondary structures and all the loops were eliminated altogether. In the case of P-sheets, 

an additional smoothing procedure was applied to minimize the potential bias from high- 

resolution structures (for detailed procedure, see Supplemental Materials). In real 

applications, skeletons can be obtained from intermediate-resolution density maps using 

advanced computational packages such as helixhunter n , sheetminer 12, and sheettracer 

13. One such application presented in this chapter was an eight-stranded skeleton obtained 

from an experimental 7.6 A cryo-EM density map using sheetminer 12 and sheettracer 13.

Secondary structure assignment in sequence was obtained using the PSIPRED 

server (http://bioinf.cs.ucl.ac.uk/psipred)15,16. The number of predicted a-helices and P- 

strands was compared with that from the corresponding skeleton. A mismatch between 

them would incur a further evaluation using a consensus secondary structure prediction 

server (http://npsa-pbil.ibcp.fr/cgi-bin/npsa automat.pl?page=7NPSA/npsa seccons.html 

). A predicted assignment closest to the skeleton would be picked. Here we gave higher
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credibility to skeletons because, even for skeletons derived from intermediate-resolution 

density map, they were expected to contain more correct structural information than 

assignments predicted using most of the advanced secondary structure prediction 

algorithms currently available. However, we did test our procedure on skeletons in which 

a small number of secondary structures were misplaced.

Once we had skeleton in space and assignment in sequence in hand, we generated 

all possible topology candidates. It was done by aligning the predicted secondary 

structures in assignment with the ones in skeleton, i.e., a-helices against a-helices and P- 

strands against P-strands (Fig.3.2). It is easy to see that, for any skeleton with Na a- 

helices and Np P-strands, the total number of ways to thread the polypeptide through the 

skeleton was:

The factorial terms came from permutation of all helices and all strands. The terms of 2N 

came from the forward and backward directions of any secondary structure.

In cases where there were mismatches in the number of secondary structures 

between assignment and skeleton, the total number of ways to thread the polypeptide 

through skeleton was:

(3.1)

in which
N N N

Sk
P P

N
, M in

Min N  > N  a
„ ,5k

N Max N
, M ax \ p p

Seq
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Topology 1 

H1+H2+H3+

N
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Topology 2 

H2+H1-K5-

HM Hffl

Figure 3.2 Alignment of secondary structures in assignment to skeleton in order to generate all the possible 
topology candidates. The skeleton shown consists of three helices; HI, H2 and H3. The corresponding 

sequence has been predicted to have three helices, HI, HII, and HIII, with the inter-helix loops named as LI 
and LII. In topology 1, HI, HII, HIII were aligned to HI, H2, H3, respectively, with correct directionality, 

yielding the topology as H1CH2CH3C. In topology 2, HI, HII, HIII were aligned to H2, HI, H3, 
respectively, with the direction of HI and H3 being inverted, giving the topology as H2CH1KH3K. In each 

case, the length of the vectors D12 and D23 is compared with the maximal length of loops LI and LII in 
extended conformation in the initial screening in order to assess whether a particular topology is accessible

for the given skeleton.

N a>Sk, Np>Sk, N a,seq and Np,seq standed for the number of a-helices and p-strands present in 

skeleton and assignment, respectively. If there were one or more a-helices or P-strands 

missing in assignment, i.e., Nsk>Nseq, the combination term in Equ.2 was applied to 

skeleton so that all possible ways of connecting secondary structures in skeleton were fit 

to secondary structures in assignment. On the other hand, if there were one or more 

redundant a-helices or P-strands in assignment, i.e., Nsk<Nseq, the combination term in 

Equ.2 was applied to assignment so that all possible means of connecting secondary 

structures in assignment were fit to secondary structures in skeleton.
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Figure 3.3. Geometry of two consecutive secondary structures connected by a loop (method I), (a) 
Three parameters, 01, 02 and d>, were used to describe the relative arrangement of the two consecutive 
secondary structures connected by a loop. For an a-helix, it is represented by a vector of the axis of the 

cylinder directed from the N terminus to the C terminus. For a loop or p-strand, the vector runs from the 
first Ca atom to the last Ca atom of the loop or strand. Based on these three vectors, we defined the packing 
angle 01 between vectors VI and V2, packing angle 02 between vectors V2 and V3, and the dihedral angle 
(!) formed by the three vectors, (b) The distribution of loops as a function of the dihedral angle d>. The curve 
resembles a Gaussian distribution with a peak at near zero, (c) Two-dimensional contour representation of 

the distribution of angles 01 and 02. The ridge is along the diagonal line. The loops included in this 
calculation are within the dihedral values between -n/6 to n/6 around the peak of the Gaussian profile 

shown in (b). (d) Two-dimensional contour representation of the distribution of 0  and <I>. The dihedral 
angle is clearly centered at approximately zero and the sum of the two packing angles is centered at around

jr.

Once all possible topology candidates were generated, to check whether a 

particular topology was reasonable, an initial screening was carried out by following one 

of the three criteria. First, the length of the loop vector V2 (as defined in Fig.3.3a) cannot 

be longer than the length of a completely extended loop (Lioop) (Fig.3.2), which was 

estimated using Lioop = N Laa x 3.8 A. Here, N ^a was the number of residues in the loop 

and 3.8 A  was the average Ca-Ca distance in extended loops in proteins. Second, a 

maximum of 50% length variation was allowed for a-helices and 33.3% for P-strands 

when threading against the skeleton. The rationale for the differently allowed length 

variation was based on the observation that P-strands are generally more sensitive to 

length variation due to its more extended conformation (each residue extends a P-strand 

by 3.3 A  and an a-helix by 1.5 A). Any topology was eliminated if it contained a 

predicted secondary structure that was either shorter than a half, or longer than twice, of 

the length of its matching secondary structure in skeleton. This tolerance of length 

variation was introduced to account for errors in the determination of the length of 

secondary structures both in skeleton from experimental data and in assignment from 

sequences. Note, any mismatch between predicted length of secondary structure from 

sequence and from skeleton was equally distributed over two ends. Third, for sheet-
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containing proteins, since the smallest (3-sheet would have two P-strands, any topology 

candidate with a p-sheet of only one P-strand was eliminated. The application of these 

criteria removed a number of topology candidates that were inaccessible to a given 

sequence and skeleton. The remaining topology candidates were subject to geometry- 

based screening described in the following section.

Geometry-based Screening

Packing Geometry o f Two Consecutive Secondary Structures and Geometry Scoring 

Functions

In order to statistically analyze the packing geometry of secondary structures around 

loops, we utilized a structural database of 1084 non-homologous (less than 20% 

homology) proteins with resolutions better than 1.8 A in PISCES 17. A total of 14190 

loops were extracted, together with the information about their immediately neighboring 

secondary structures. Three simple degrees of freedom were first defined. As shown in 

Fig.3.3a, a loop and its neighboring secondary structures were simplistically described by 

three vectors: VI, V2 and V3. For an a-helix, the vector was represented by the axis of 

the cylinder, and directed from N-terminus to C-terminus. For a loop or P-strand, the 

vector started from the first Ca-atom and ended at the last Ca-atom. Based on these three 

vectors, we defined the packing angle 0i between vectors VI and V2, packing angle 02 

between vectors V2 and V3, and the dihedral angle (p describing the torsional rotation 

among three vectors. Here, 0i and 02 were between 0 to 7i, while cp was between - n  to n. 

These three degrees of freedom, together with the loop end-to-end distance, i.e., the 

length of vector V2, uniquely determined the packing geometry around a particular loop.
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Three methods were used to analyze the packing geometry. In Method I, the 

values of 0 i, 02 and 9  were determined for each loop and its neighboring secondary 

structures without considering the types of secondary structures. They were collectively 

used to derive the preferred packing geometry represented in Fig.3.3b-d.

On the basis of the distribution shown in Fig.3.3d, we defined a topology scoring 

function to evaluate the topology candidates for a given skeleton. Considering the fact 

that the profile of the distribution was similar to a symmetric two-dimensional Gaussian 

distribution, we defined the scoring function as

S(Q,(p)=A exp
/  V  /  \ 2
® -a 2 <p- a. (3.3)

\  j

where A was a normalization factor. An advantage of the analytical scoring function, 

S(®,tp), was that it could be evaluated continuously against packing angles © and 

dihedral angle (p, instead of the discrete data extracted from the structure database. 

Totally there were four parameters (a„a2,a3,a4), which were determined to be (ai=0.407t, 

a2=T.057t, a3=0.637t, a4=-0.02n). These values of the parameters were used in the score 

calculation for each accessible topology candidate. For any secondary-structure packing 

configuration around a loop, a score was calculated to gauge the packing propensity 

against known database. Then, the sum of scores for packing geometry around all loops 

gave the total score of that particular topology. The underlining assumption was that the 

native topology, selected by evolution, should have a high score in order to form a stable 

and compact tertiary structure.

Alternatively, in Method II, we counted the packing angles and dihedral angle for 

four different loop motifs, helix-helix, helix-strand, strand-helix and strand-strand,
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Figure 3.4 Geometry of two consecutive secondary structures connected by a loop (method II). The 
distributions of angles Q and f  for loop motifs of helix-helix (HH), helix-strand (HS), strand-helix (SH) and

strand-strand (SS) are shown separately.

separately, with both packing angle 0  and dihedral angle (p divided into bins of tt/18 in 

our statistics. Packing propensities (Fig.3.4) were found to be similar to those using 

Method I, although the peak for strand-strand motif was sharper and helix-helix motif 

gave a wider and rougher distribution.

Instead of using continuous scoring function as Equ.3, a discrete doublet 

probability function was used to evaluate the loop with geometrical parameter 0 j and (p} 

for packing motif k. The scoring function was represented as:

(3.4)
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in which i V * ( © i ,  (p\) was the statistical counts of all the loops belonging to motif type k 

from the database within the bin 0; and <py The summations in the denominator were 

performed over all the bins accessible to 0  and cp.

The strand vector in Methods I and II, which was defined to connect the first and 

last Ca-atoms of a P-strand, is expected to be very sensitive to the length of a strand and 

may introduce systematic errors in calculation. Thus, in Method III we used a consensus 

vector to represent a P-strand that was defined as the weighted summation over all the 

vectors connecting any two Ca-atoms within the strand pointing from N-terminus to C- 

terminus. The packing angles 0  and dihedral angle <p were similarly calculated as in 

Method II for four different loop motifs, helix-helix, helix-strand, strand-helix and strand- 

strand, and the discrete scoring function as in Equ.4 was used to evaluate the packing 

geometry. Similar distributions as in Method II were derived (Fig.4).

To compare the effects of these different methods on geometry screening, the 

statistics of packing geometry of two consecutive secondary structures using Methods I 

and II were used in geometry-based screening of all-helical proteins (Table 1), while that 

of Methods I, II, and III were all used in geometry-based screening of sheet-containing 

proteins (Table 3).

Sheet Motif Filter

In order to improve the efficiency of geometry analysis in dealing with sheet- 

containing proteins, we adopted a probability distribution of sheet motifs with two-edge 

strands (open sheets) derived from a non-homologous protein database that contains 4603 

sheets with different sizes 18 (please refer to the original paper 18 for details). The
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probability distribution of a specific sheet motif provides information of how likely this 

sheet motif is favored in nature.

In our application, since each topology of a given sheet-containing skeleton 

determined a particular sheet motif, the sheet motif score of a specific topology was 

calculated as the occurrence of the corresponding sheet motif in the database (including 

the small pseudo-count) divided by the total count of (3-sheets with the given strand 

number and helix status (see Supplemental Materials for explanation of these terms). We 

found that sheet motif filter was only needed for sheet-containing proteins without 

mismatch between assignment and skeleton and when the total accessible topologies 

exceeded 1000. We used a sheet motif score of 20% of the maximal value as a cutoff, and 

any topology candidate with a sheet motif score higher than the cutoff was kept. For each 

of them, the geometry score was calculated and a composite score was derived by adding 

the normalized sheet motif score(s) to the normalized geometry score with a weight of 

15:1 given to the geometry score for its higher reliability.

Application o f Geometry Filter

Since energetics calculation is relatively computationally costly, to reduce the 

unnecessary cost, the geometry analysis was used to rank all the accessible topologies, so 

that an appropriate cutoff was applied to select a fraction of them for energetics 

calculation. However, the ranking from the geometry analysis was not used in the final 

ranking of accessible topologies by the energetics calculation.

In selecting the appropriate cutoff, the absolute value for the geometry filter Scutoff was set

as:

(3.5)
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in which SmSx and SMin were the maximal and minimal values of the geometry scores for 

all accessible topology candidates, respectively. f(NA) was a percentage function of the 

total number of the accessible topology candidates NA, expressed as:

a  was a parameter to control the decay of the exponential term and set as 0.5 in our 

study. No and k were set as 50 and 0.3 for all-alpha proteins, 50 and 0.25 for alpha-beta- 

mixed proteins, and 100 and 0.1 for all-beta proteins, respectively.

Energetics-based Screening

Construction o f Structure Ensemble for Each Topology Candidate

For each of the accessible topology candidates that passed the geometry filter, an 

ensemble of slightly perturbed structures was generated to represent the distribution of 

that topology in conformational space. All the protein structures generated were coarse

grained, i.e., each residue was treated as one point and represented by the position of its 

Ca atom. Each structure was constructed by secondary-structure placement (a-helix and 

P-strand) and loop construction (see Supplemental Materials for details). Loop 

construction was achieved by allowing MC relaxation of loops that were initially built in 

an extended conformation. Any perturbed structure was discarded if potential spatial 

clash (less than 2 k  between any two Ca atoms) was present.

The Ca-based energy function that guided the MC relaxation in loop construction 

included three parts: i) Within the loop, the short-range bonded energy terms were 

described by the potential functions19,

(3.6)
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E S R  =

N  N - 1 N - l  (3 7)
t  £(0+ z  [% )/2 + E(K>)'2+M  (A,A)]’
i= 2  «=2 /= 2

+Z[A£(0,,^-)+A£(^,<)]
1=2

N was the number of Ca atoms in the loop. The first summation was the potential energy 

associated with stretching the virtual bonds between neighboring Ca atoms, which was 

approximated by a harmonic form, k(lj-lo)2, in which k was the force constant of 10RT/A2 

and 10 was set to 3.8A. The second and the third summations accounted for the distortion 

of bond angles and bond torsions respectively and were expressed as knowledge-based 

energetic parameters. The last summation accounted for the pair-wise coupling of bond 

torsion and bond angle. These bonded energy terms enforced the loop to adopt a 

reasonable local stereochemical configuration, ii) The long-range interactions were set to 

a form of hard-core potential (2.5 A in radius) to avoid the intra-molecular clashes. Given 

that the structures were generated very crudely at this stage, the more accurate long-range 

interactions were not included here and would be used in the next global optimization 

step. Hi) Finally, an additional energy term was introduced between the C-terminus of the 

constructed loop and the N-terminus of the following secondary structure. It was also 

modeled by a harmonic potential with the form of K(r-lo)2, where r was the distance 

between the C-terminus of the loop and the N-terminus of the following secondary 

structure, lo was 3.8A, and K was the force constant with a value of 20RT/A2. This 

additional energy term ensured the smooth loop closure during construction.
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Global Optimization

With all the secondary structures and loops in place, the randomly perturbed 

structures were globally optimized to be energetically and stereochemically more 

favorable. Global optimization included the genetic algorithm (GA)20; 21 optimization for 

rotations of the helices, MC relaxation for loop regions and MC optimization for P-sheet 

regions. By operating this process iteratively, the whole structure was guided globally to 

a better-defined state.

In the rotational optimization of the helices, the total energy function used included the 

short-range terms expressed in Equ.3.7 and the long-range terms evaluated using a 

residue-specific distance-dependent coarse-grained potential extracted from structural 

database by Bahar and Jemigan 14. The long-range terms can be written as:

E l r  (3-8)
><j

in which i and j  standed for different residue type and r was the distance between i and j  

residues, u (i,j ,r ) was the energy parameter derived by Bahar and Jemigan 14.

All helices in a structure were allowed to rotate around their helical axes by a GA 

to search for lower energy configurations. The rotation around their helical axes was the 

most sensitive movement for a-helices. The loops were relaxed again using a MC 

simulation similar to what was used for loop construction with the exception that the total 

energy function used in this step was the same as the one used in helical rotational 

optimization. For P-sheet regions, we used the method similar to what was used in the 

loop relaxation with the exception that tangential elastic restraints were added between 

movable Ca atoms in the P-strands and the original pseudo-traces (see Supplemental 

Materials for details). This effective potential assured that each optimized structure would
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not deviate too much from the given skeleton. Iterative application of GA optimization of 

helical rotation and MC optimization of loop and sheet conformation guided the whole 

structure to a globally optimized state.

Energetics-based Topology Ranking

Within the ensemble of slightly perturbed structures for a given topology, each 

structure was subject to iterative global energy optimization of a-helices, (3-sheets and 

loops. Finally, the average energy for the whole ensemble was evaluated, which was used 

to rank the topology candidate in the accessible topology space, the topology with the 

lowest energy (1st) is considered as the most favorable. The basic assumption of this 

approach is that, although individual structure of a non-native topology may be lower in 

energy than that of the native topology due to inevitable errors in artificial construction 

and optimization of structures, the native topology is in general more robust against 

structural variations so that the average energy of the entire ensemble of structures for the 

native topology is most likely to be the lowest.

Symbols Used in This Study

In the whole ensemble of NT topology candidates for a given skeleton, only one is 

the native topology, while all others are non-native. Fig.3.5a,b show the sketches of the 

native topology and one of the non-native topology for the protein ligd. Here, HI, S1~S4 

are the indices of the secondary structures that are numbered in the order of their spatial 

arrangement, and positive or negative signs refer to the direction: positive if it is the same 

as appeared in the crystal structure and negative if opposite. Therefore, the expression of 

the native topology (from N—»C terminus) is S2+S1+H1+S4+S3+ while the non-native 

topology is S2+S1+H1-S3+S4+.
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In dealing with each specific topology candidate, every secondary structure and 

connecting loop was converted into vector representation, so that a connecting vector 

chain for geometric packing was generated. As shown in Fig.3.5c, d, the vectors 

representing loops were drawn as dotted lines and vectors representing helices and 

strands were as solid lines.

CPU Requirement

The geometry method is very computationally efficient. It normally takes less 

than 5 min for any of the systems we tested in this chapter. For the energetics method, the 

required time is dependent on the size and the number of secondary structures of the 

protein as well as the number of accessible topologies used in energetics calculation. For 

a simple three-helical protein, it takes 20 min to generate the structure ensemble and 

another 80 min to perform the global minimization for each accessible topology 

candidates. For an eight-helical protein, on the other hand, it takes 240 min to generate 

the structure ensemble and another 720 min for global minimization for each accessible 

topology. All CPU estimates were based on the SGI Phoenix Origin 2000.

3.3 Results

Secondary Structure Prediction Based on Protein Primary Sequence

When applying secondary structure prediction algorithms to the 50 proteins in our 

current study, 12 showed mismatches in the number of secondary structures between 

skeletons and assignments. Additional consensus evaluation was therefore applied and 

correctly identified the assignment in three cases (3icb, lalw  and ldll). The rest nine 

proteins with mismatches are indicated with * in Table 1 and Table 3.
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PDB
ID

Architecture1 Topology2 Total
Residues

Na3
Possible

Topologies'1
Accessible
Topologies5

Native
Rank

Geometry
(Method

I)6

Native
Rank

Geometry
(Method

II)7

Topologies 
used for 

Energetics

Native
Rank

Energetics
(m ean)8

Native
Rank

Energetics
(median)9

lerc*
Up-down

Bundle
Pheromone

ER-1
40 3 48 30 5th 5th 26 4th 4th

lm bg Orthogonal
Bundle

Arc
Repressor

Mutant
40 3 48 20 1st 1st 20 1st 1st

2ezh Orthogonal
Bundle

Arc
Repressor

Mutant
65 4 384 28 5 th 4th 28 2nd 2nd

1 a32
Orthogonal

Bundle
Helix

Hairpins
85 4 384 2 2nd 1st 2 1st 1st

lutg
Orthogonal

Bundle Uteroglobin 70 4 384 6 5th 3rd 6 1st 1st

Imho Orthogonal
Bundle

Recoverin 88 4 384 64 7th 26th 22 1st 1st

ln o l N ot
Classified

Not
Classified

66 4 384 22 10th 14 th 22 1st 1st

li2 t
Not

Classified
Not

Classified
61 4 384 4 1st 1st 4 1st 1st

leoO
Up-down

Bundle

Transcription
Elongation

Factor
76 4 384 148 18th 25th 40 1st 1st

llpe
Up-down

Bundle
4-H elix
Bundle 144 5 3840 8 4th 4th 8 1st 1st

lv ls
Up-down

Bundle
4-H elix
Bundle

146 5 3840 12 2nd 1st 12 1st 1st

laep
Up-down

Bundle
4-H elix
Bundle

153 5 3840 15 15th 5th 15 1st 1st

lbz4
Up-down

Bundle
4-H elix
Bundle

144 5 3840 4 2nd 2nd 4 1st 1st

lnkl Orthogonal
Bundle

NK-lysin 78 5 3840 49 5th 1st 26 1st 1st

3icb
Orthogonal

Bundle
Recoverin 75 5 3840 48 2nd 1st 24 1st 1st

2psr*
Orthogonal

Bundle
Recoverin 95 5 1920 960 2nd 4th 40 5th 7th

HOi*
Orthogonal

Bundle
NRPSP
Carrier 77 5 23040 58 6th 9th 34 8th 7th

2cro Orthogonal
Bundle

434
Repressor 65 5 3840 1544 184th 227th 200 12th 10th

2asr
Up-down

Bundle

Hemorythrin 
(Met, 

Subunit A)
142 5 3840 21 2nd 6th 21 1st 1st

lg7d
N ot

Classified
Not

Classified
101 5 3840 15 6th 6th 15 1st 1st

labv
Orthogonal

Bundle
Peroxidase 105 6 46080 166 8th 8th 56 2nd 2nd

la lw
Orthogonal

Bundle
Death

Domain 83 6 46080 113 8th 9th 35 1st 3rd

lc l5 Orthogonal
Bundle

Death
Domain

94 6 46080 12 4th 4th 12 1st 1st

lngr
Orthogonal

Bundle
Death

Domain
74 6 46080 32 5th 5th 24 2nd 2nd

lb  vc
Orthogonal

Bundle
Globin Like 153 8 10321920 14 1st 2nd 14 1st 1st

Table 3.1 Results on 25 Single-Domain All-helical Proteins
1,2 Archicecture and topology are according to the classification in CATH 22. 3 Na is the total number of a- 
helices in the crystal structures.4 The total possible topologies were calculated according to Equ.l or 2 .5 
The total accessible topologies were the number of topologies surviving through the initial screening. 6
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Rank of the native topology among all accessible topologies using geometry analysis Method 1.7 Rank of 
the native topology among all accessible topologies using geometry analysis Method I I .8 Rank of the 

native topology among all accessible topologies by energetics approach and ranked according to arithmetic 
mean. Rank of the native topology among all accessible topologies by energetics approach and ranked

according to median.
To obtain secondary structure assignment for an eight-stranded sheet of the XI 

protein of reovirus, we first used PSIPRED that gave significant mismatch with the 

skeleton modeled based on an experimental 7.6 A cryo-EM density map. Therefore, a 

consensus approach was utilized. Among all the methods provided by the sever, DSC 23 

yielded an assignment that matched with the skeleton from cryo-EM data. This 

assignment was used to align with the skeleton.

Packing Geometry of Two Consecutive Secondary Structures

In order to investigate if there is any preference of packing geometry between two 

consecutive secondary structures (a-helices or P-strands) connected by a loop, we started 

from searching structural database and analyzing the distribution of packing geometry of 

the secondary structures around loops. We examined 1084 non-homologous protein 

structures with better than 1.8 A resolutions compiled in PISCES 17. Three parameters,

0 i, 02 and (p, were used to describe the relative arrangement of two secondary structures 

and their connecting loop (Method I) (Fig.3.3a). Interestingly, the distribution of dihedral 

angle cp resembled a Gaussian distribution with a peak at near zero (Fig.3.3b), which 

suggests that the majority of two consecutive secondary structures are arranged in a plane 

with a c/v-configuration. Moreover, the ridge of the distribution of two packing angles, 0t 

and 02, was along the diagonal line from the lower-right comer to upper-left comer, with 

a sum ® = dx + d2of% (Fig.3.3c). This indicates that the two secondary structures 

connected by a loop have a strong tendency to be anti-parallel. When the distribution was 

plotted
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Native Topology Normative Topology

(a) (b )

(c) (d)

Figure 3.5 Vector expression of topology candidates, using ligd as an example, (a) The native topology; 
(b) one non-native topology; (c) the vector representation of the topology in (a); (d) the vector

representation of the topology in (b).

against 0  and (p (Fig.3.3d), the dihedral angle was clearly centered at approximately zero 

and the sum of the two packing angles was centered around n. These results suggest that 

the packing geometry of the consecutive secondary structures exhibits a high preference 

of being anti-parallel and in c/s-configuration, which seems to be necessary for 

constructing an overall compact protein structure. Two additional methods were also used 

to analyze packing geometry of these secondary structures (Methods II and III), and 

similar statistics was obtained (Fig.4). These statistics was used as the basis of the 

geometry scoring function (Equ.l, 2) in geometry filter.

All-helical Proteins

A total of 25 all-helical proteins were included in the test set (Table 3.1). These 

proteins belong to two major types of architecture of all-helical proteins with a single
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domain: up-down bundle and orthogonal bundle22, and represent 14 types of topology 

(three proteins do not have classified architecture and topology).

Geometry Approach: In the geometry analysis using Method I, three proteins have their 

native topologies ranked as 1st, and 19 other proteins have their native topologies ranked 

within top ten, and only one (PDB code: 2cro) has its native topology ranked as 184th 

(Table 3.1, 8th column). Close inspection of this particular protein revealed that it has a 

highly globular structure and almost all the helices are of similar length. These features 

resulted in a quite large number of accessible topology candidates that survived the initial 

screening. In sharp contrast, apomyoglobin (PDB code: lbvc) has wider variations in the 

length of helices and loops, which drastically narrowed down the accessible topology to 

14 in the initial screening out of the total of 107 possible topologies. The use of Methods

tbII in geometry analysis yielded similar results (Table 3.1,9 column) to Method I. 

Energetics Approach: The results of energetics analysis on these 25 proteins are listed in 

Table 3.1 (11th to 12th columns). The energetics-based evaluation was performed after 

geometry filter. An appropriate cutoff was applied so that all topology candidates above 

the cutoff were input for energetics analysis. The native topologies of 18 proteins were 

successfully recognized as of the lowest average energy (ranked as 1st). Such a successful 

rate is reasonably high. As an example, Table 3.2 lists all accessible topology candidates 

of protein lg7d together with their energy values. Note the number of randomly 

perturbed structures in the ensemble of each accessible topology is quite different. This is 

because, for some of the energetically unfavorable topology candidates, it was much 

harder to generate perturbed structures around the given skeleton that satisfied all the 

criteria. In Table 3.2, there is a good correlation between the number of perturbed
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structures and the average energy, especially the average long-range non-bonded energy. 

The ones with a larger number of randomized structures tend to have lower average 

energy and smaller standard deviation of average energy.

Among the rest seven proteins, three proteins (2ezh, labv and lngr) have their 

native topology candidates recognized as the 2nd lowest in average energy (ranked as 2nd 

in the 11th column of Table 3.1). The topology of the lowest energy (1st) is very similar to 

the native topology (2nd) in all cases. As an example, the schematic sketches of the three 

lowest energy topologies for protein 2ezh are illustrated in Fig.3.6, the difference 

between the 1st and the native topology (2nd) was a swap of two helices that are very 

similar in length and nearby in space.

Index Spatial Alignment Average Long- 
range Energy (RT)

SD o f  Long-range 
Energy (RT )

Average Total 
Energy (RT)

SD o f  Total 
Energy (RT)

No. randomized 
structures in the 

ensemble

1 H 1+H 2+H 3+H 4+H 5+ -107.27 31.1 -433.04 39.13 1067
2 H1+H2+H 3+H4+H5- -98.39 30.4 -423.09 41.37 1027
3 H2-H 1-H3+H4+H5+ -74.54 31.76 -413.26 42.88 240
4 H2-H 1-H3+H4+H5- 25.023 40.54 -315.99 46.36 164
5 H2-H 1-H4-H3-H5+ 268.73 96.3 -29.28 118.45 45
6 H2-H1-H4-H3-H5- 632.65 81.32 336.12 96.85 16

7 H3+H4+H 1+H2+H5- -82.08 27.79 -427.24 116.17 2401
8 H4-H 3-H2-H1-H5+ 235.34 53.98 -115.27 59.98 107
9 H4-H3-H2-H1-H5- 442.12 63.35 85.37 67.39 77
10 H4-H 3-H1+H2+H5+ 48.52 38.06 -309.14 49.27 301
11 H2-H 1-H4-H5-H3+ 274.64 79.41 -49.43 82.53 50
12 H 5+H4+H 1+H2+H3+ -83.067 26.23 -422.36 45.38 2406
13 H4-H 5-H2-H1-H3+ 259.58 68.31 -79.94 78.69 138
14 H4-H5 -H2 -H 1-H3 - 450.7 70.99 80.49 68.96 62
15 H4-H 5-H1+H2+H3+ -52.17 34.88 -407.34 51.34 357

Table 3.2 Results of Energetics Analysis For All Accessible Topology Candidates of

Protein lg7d
The native topology is highlighted in bold. Energy is in the unit of RT. Average long-range energy 

(3rd column) and average total energy (5th column) are listed together with their standard deviation (SD) (4th 

and 6th columns, respectively). The total number of perturbed structures in the ensemble for each topology 

is listed in 7th column
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The native topologies of two other proteins, 2psr and llOi, were ranked 5th and 8th 

respectively. As shown in Table 3.1, mismatches were found between the assignment and 

skeleton for both cases: two helical regions were merged as one in the assignment of 

2psr, and one extra helical region was predicted for 1 lOi. These original errors obviously 

affect the ranks of the native topologies of these two proteins.

One special case worth mentioning is a three-helical up-down bundle protein lerc. 

In the prediction, one a-helical region and one (3-strand region were predicted (instead of 

three helices). Thus, the mismatch of the prediction results was out of tolerance, and the 

equation for generating all possible topology (Equ.2) was no longer applicable. In such a 

case, we did our calculation based on the skeleton information only. Since the three 

helices in lerc are highly symmetric, obeying a pseudo-3-fold symmetry, in order to 

preclude any bias from the skeleton, we evenly divided the amino-acid sequence into 

three helical regions of 10 residues each, intervened by two loops of 5 residues. In other 

words, helices 1, 2 and 3 are composed of residues 1-10, 15-25, and 30-40, respectively. 

The analysis identified the native topology as 4th-lowest in energy (Table 3.1).

In the case of 2cro, the native topology was ranked as the 12th-lowest in average energy. 

This is presumably because of the length similarity of all five helices of this protein that 

gave rise to the largest number of accessible topology candidates in the initial screening. 

However, despite that, our methods were very effective in narrowing down the searching 

space of possible topologies (the native topology was ranked as the 12th among all 1544 

accessible candidates).

Finally, to cross-check the potential errors in our ranking procedure resulted from 

the non-Boltzmann random sampling in generating the perturbed structure ensemble, we
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Figure 3.6 Comparison of the three lowest-energy topology candidates for an all-helical protein 2ezh 
whose native topology was ranked the second-lowest.

also used median energy value of the ensemble, instead of the arithmetic mean, to rank

the topology candidates. The median could give a faithful indication of true average in

the absence of a priori knowledge of data distribution. The results, shown in the 12th

column of Table 3.1, are very consistent with those ranked according to arithmetic mean

(11th column), indicating the fidelity of our ranking procedure.

Sheet-containing Proteins

Geometry Approach: There were 25 sheet-containing proteins in the test set, 19

alpha-beta-mixed proteins and six all-beta proteins. The 19 alpha-beta-mixed proteins

belong to three different types of architecture and seven types of topology (three proteins

do not have classified architecture or topology in CATH 22). The six all-beta proteins, on

the other hand, belong to three types of architecture and three types of topology (one

protein does not have classified architecture or topology). The results of geometry
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analysis by Method I are listed in the 9th column of Table 3.3, in which the native 

topology was ranked as the highest scores (1st) in seven cases and within top ten in eight 

other cases for alpha-beta-mixed proteins. For all-beta proteins, the native topology of 

one protein was ranked as the 1st and four others within top ten. The geometry analysis 

using Methods II (Table 3.3, 10th column) and III (Table 3.3, 11th column) yielded 

qualitatively similar results.

There are several reasons that make the search for sheet-containing topology more 

difficult. Comparing with all-helical proteins, all-beta proteins have an overall lower 

percentage of secondary structures and higher percentage of loop regions (Fig.3.7). This 

increases the complexity of the topology space, and fewer topology candidates can be 

filtered out in the initial screening process. Moreover, a-helices have more rigid 

structures with strong local interactions while P-strands have the intrinsic bending and 

twisting that involve long-range stabilizing interactions.

Energetics Approach: The results of applying energetics approach to the 25 sheet- 

containing proteins were shown in Table 3.3. All the accessible topologies were first 

subject to geometry analysis. An appropriate cutoff was applied so that all topology 

candidates above the cutoff were input for energetics analysis. In order to get rid of 

sampling bias, we also used both the arithmetic mean and the median of the energy as 

ranking criteria. The final ranks of the 25 proteins by these ranking methods are listed in 

the 13 th and 14th columns of Table 3.3, respectively. Again, the two ranking methods 

yielded quite similar results. The native topologies of 18 out of 25 proteins have been 

successfully recognized as of the lowest energy among all candidates by arithmetic mean. 

Among the rest seven proteins, two have their native topologies ranked as the 2nd-lowest
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PDB
ID

Architecture1 Topology2 Total
Residues Na3Nb4 Possible

Topologies5
Accessible

Topologies6
Native 
Rank 

Geometry 
Method I7

Native 
Rank 

Geometry 
Method II8

Native
Rank

Geometry
Method

hi9

Topologies 
used for 

Energetics

Native
Rank

Energetics
(m ean)10

Native
Rank

Energetics
(median)11

A lpha-beta-m ixed proteins

ligd Roll Ubiquitin Like 61 1 4 768 22 2nd 3rd 3rd 22 1st 1st

Iem7 Roll Ubiquitin Like 56 1 4 768 40 1st 1st 2nd 13 1st 1st

lhOy
Not

Classified
N ot Classified 89 2 4 3072 36 2nd 2nd 2nd 17 1st 1st

lctf* 2-Layer
Sandwich

Alpha-Beta
Plaits

68 3 3 4608 23 4th 2nd 2nd 23 15 th 16th

ld l l
2 -Layer 

Sandwich
CRO Repressor 61 3 3 2304 6 3rd 1st 2nd 6 1st 2nd

lp l l Not
Classified

N ot Classified 102 3 4 18432 7 1st 1st 1st 7 1st 2nd

lcm 2
2 -Layer 

Sandwich
Alpha-Beta

Plaits
85 3 4 18432 18 1st 2nd 1st 5 1st 1st

lh75
3 -Layer 

(aba) 
Sandwich

Glutaredoxin 76 3 4 18432 109 9th 13 th 2nd 21 1st 1st

llba
3-Layer 

(aba) 
Sandwich

Lysozym e 145 3 5 184320 640 27th 23rd 23rd 31 1st 1st

31x2*
3-Layer 

(aba) 
Sandwich

Rossmann Fold 147 4 5 737280 3476 54th 300th 220th 44 1st 1st

lrlk
Not

Classified
N ot Classified 116 4 5 1474560 22 1st 3rd 3rd 12 1st 1st

Ithx
3-Layer 

(aba) 
Sandwich

Glutaredoxin 108 4 5 1474560 97 7th 3rd 3rd 12 1st 1st

lrrb* Roll Ubiquitin Like 76 2 5 7680 1712 4th 1st 1st 14 1st 1st

lore*
2 -Layer 

Sandwich
CRO Repressor 59 3 3 1152 8 1st 1st 1st 8 1st 1st

2hpr
2 -Layer 

Sandwich
Alpha-Beta

Plaits
87 3 4 18432 76 1st 1st 1st 5 2nd 2nd

le o f
2 -Layer 

Sandwich
Potassium  

Channel 1.1
100 5 4 1474560 28 6th 6th 16 th 20 2nd 2nd

lubq Roll Ubiquitin Like 76 2 5 30720 56 1st 1st 1st 7 3rd 2nd

lck2
2-Layer

Sandwich
Alpha-Beta

Plaits
104 5 4 1474560 276 42nd 42nd 2nd 44 3rd 3rd

laba
3-Layer 

(aba) 
Sandwich

Glutaredoxin 87 3 3 2304 640 87th 87th 53rd 88 6th 3rd

A ll-beta proteins

leOn
Not

Classified
N ot C lassified 27 0 3 48 16 1st 1st 1st 8 1st 1st

lm jc Barrel OB Fold 69 0 5 3840 1872 9th 7th 7th 13 1st 1st

lfna Sandwich
Immunoglobulin

Like
91 0 7 645120 74 7th 11th 12 th 7 1st 1st
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ltpm
* Ribbon

Complement
Module

50 0 5 3840 192 18 th 14 th 9th 20 8th 9th

lten Sandwich
Immunoglobulin

Like
89 0 7 645120 1728 10 th 10th 10 th 19 1st 1st

3 ait* Sandwich
Immunoglobulin

Like
74 0 6 23040 2352 3rd 11th 23rd 40 1st 1st

Table 3.3 Results on 25 Sheet-containing Proteins
There are a total of 25 sheet-containing proteins tested, 19 of which are alpha-beta-mixed proteins, and six 
are all-beta proteins.1,2 The classification of architecture and topology are according to CATH22.3Na is the 

total number of a-helices in the crystal structures.4 N() is the total number of P-strands in the crystal 
structures.5 Possible topologies were calculated according to Equ.l or 2 .6 Accessible topologies were the 

number of topologies surviving through the initial screening allowing a maximal 50% variation for a- 
helices and 33.3% for P-strands.7 Rank of the native topology among all accessible topologies using 

geometry analysis Method 1.8 Rank of the native topology among all accessible topologies using geometry 
analysis Method II .9 Rank of the native topology among all accessible topologies using geometry analysis 
Method III.10 Rank of the native topology among all input accessible topologies by energetics approach 

and ranked according to arithmetic mean.11 Rank of the native topology among all input accessible 
topologies by energetics approach and ranked according to median.

average energy and two others as 3rd. In all these four cases, the difference between the

lowest-energy topology (1st) and the native topology (2nd) was the switch of two

secondary structures with similar length and symmetric spatial location or the shift of the

direction of certain strands in the skeleton. As an example, the lowest-energy topology

(1st) and the native topology (2nd) of protein leof are compared in Fig.3.8.

Application to Incomplete Skeletons

In all previous test cases, we assumed that the secondary structures in skeleton are

correct and used them to judge the correctness of predicted assignment on sequence. In

reality, however, it is very likely that one or more secondary structures, especially short

ones, fail to be identified in skeletons based on experimental maps. We probed the

efficiency of our new procedure in dealing with incomplete skeletons on protein lbvc

that has eight a-helices. In the test, we purposely used the skeletons of lbvc that have

one of the helices H3 or H4 or both missing (Table 3.4). H3 and H4 were chosen because

they are relatively short and are more likely to be missed in structure determination and
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Figure 3.7 Comparison of secondary-structural content in all-helical proteins versus all-beta proteins. It is 
clear that all-beta proteins have a much lower secondary structural content than all-helical proteins.

1EOF
rx

H3 I K
H5

H4 £
1st Lowest Topology

H3

H4

Native Topology

Figure 3.8 Comparison of the lowest-energy topology with the native topology for sheet-containing protein 
leof whose native topology was ranked the second-lowest.
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density interpretation U; 12; 13. For the complete skeleton of lbvc, our procedure 

successfully identified the native topology as the most preferable (1st).

With H4 or both H3 and H4 missing, more accessible topologies were allowed for 

the skeleton (Table 3.4). The geometry approach, however, consistently identified the 

native topology as the most favorable topology (1st) in all three cases. The use of the 

energetics approach identified the native topology as 2nd, 3rd and 1st when the missing 

component(s) was H3, H4, H3 and H4, respectively. This simple test indicated that our 

current methods also have tolerance for small errors in skeleton.

We wish to reiterate that, in general, the success of our method does depend on 

the accuracy of secondary structures both in skeleton and in assignment. Usually, when 

the ones on skeleton are correct (our usual assumption), the predicted assignment is 

judged according to that; when the skeleton has some small ones missing, the dependence 

on the accuracy of the predicted assignment in sequence becomes stronger. In cases that 

both are drastically wrong, the likelihood for the method to fail will inevitably increase. 

Application to Real Experimental Data

Up to now, our new procedure has been extensively shown to be highly effective 

in identifying the native topology based on skeletons derived from heavily smoothed 

crystal structures (see Methods) and assignments from primary sequences. We now 

examine the effectiveness of our procedure in utilizing the skeletons that are derived from 

experimental low- to intermediate-resolution structural data, which presumably contain 

larger errors.

The reovirion structure was solved to 7.6 A by cryo-EM24. The XI protein of 

reovirus is composed of 16 P-sheets, with one eight-stranded sheet located at the tip of
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Figure 3.9 Superposition of the secondary-structural skeleton modeled by Sheet-miner and Sheet-tracer 
(yellow) based on experimental 7.6 A cryo-EM electron density maps (the transparent envelope) with that 

from the crystal structure (blue; PDB code lej6) of the )J2 protein of reovirus.

the structure. This region was selected to test our new procedure because of its continuity 

in sequence and comparable size to all other test cases we used. We first utilized 

sheetminer12 and sheettracer13 to obtain the skeleton of this (1-sheet. All eight strands 

were successfully traced, which are shown in Fig. 3.9 together with the corresponding 

crystal structure that was independently solved25. The corresponding secondary structure 

assignment has been obtained using the algorithm DSC 23.

In the initial screening, a large number of accessible topologies were resulted. The 

geometry analysis identified the native topology as 116th. By applying the sheet motif 

filter together with the geometry filter, the native topology was ranked as 4th. When eight 

topologies were subject to energetics calculation, the native topology was ranked as 1st. It 

is worth emphasizing that, despite the large deviations of the main chains of the traced (3-
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Missing
Helix
Index

Na3 Possible
Topologies4

Accessible
Topologies5

Native Rank 
Geometry 

(Method I)6

Topologies used 
for Energetics

Native Rank 
Energetics (mean)8

H3 7 5160960 14 1st 6 2nd
H4 7 5160960 33 1st 8 3rd

H3,H4 6 1290240 42 1st 8 1st

Table 4. Results on Incomplete Secondary-Structural Skeletons of 1BVC
For explanation of the notions, please refer to the footnote of Table 1

strands from the crystal structure, our analysis was still able to pinpoint correctly the 

native topology.

3.4 Concluding Discussions

We have reported a new energetics-based computational approach for deriving 

protein topology, or fold, from secondary-structural skeleton in space and assignment in 

sequence. To improve computational efficiency, a complementary knowledge-based 

geometry filter was also developed. The new procedure was first tested on a set of 50 

structurally-unrelated single-domain protein structures obtained from the PDB that 

consist of 25 all-helical proteins and 25 sheet-containing proteins. The procedure 

correctly identified the native topology of 36 proteins out of the 50 soluble proteins as the 

1st energetically favored topologies, and 12 other proteins within top ten. Furthermore, 

the same procedure was applied to two more stringent test cases. One such test was on a

skeleton m odeled in an experimental 7.6 A cryo-EM  density map that carries significant

deviations from the x-ray real structure. The native topology was successfully identified 

from the modeled skeleton.
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Known protein skeleton Known protein sequence

Secondary structure prediction aided by skeleton information

Generating allpossible topologies

*-*► Geometry Analysis
Apply a cutoff y ________

Energetics calculation, T ;
Final ranking

Figure 3.10 Flow-chart for the new computational procedure in identifying the native topology from 
protein secondary-structural skeleton in space and assignment in sequence.

In energetic approach, for all the structures in the ensemble generated for each 

topology candidate, although extensive optimization was employed to refine the 

structures, certain degrees of freedom were not optimized based on Boltzmann sampling 

due to the limitation of computational resources. Examples include the randomization of 

rotational angles of helices around their centers of mass and translational shifts along 

their axes that were restricted to a narrow range. Therefore, the final ranking of energetics 

of topology candidates was compared for both arithmetic mean and median. The 

consistent results between the two ranking methods indicate that the ranking procedure 

using arithmetic mean is reliable.

Length-based niitial screening

If accessib
Yes

or sheet-containing 
proteins, and p skt if 

accessible topology>10OQ

Sheet motif niter
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The empirical potential functions we used are very approximate. Also, the 

structures generated around the native skeleton evidently carry large errors regardless of 

the extensive optimization, which is particularly true for the loops that were essentially 

placed quite arbitrarily (although it was found that inclusion of loops was critical to cover 

a substantial portion of hydrophobic surfaces). As a consequence, the energy of an 

individual structure of a non-native topology can very often be lower than that of an 

individual structure of the native topology, which renders it impossible to distinguish the 

native topology by the energy value of a single constructed structure. To overcome this 

burden, we adopted a working hypothesis, which states, among all the possible topology 

candidates for a given skeleton, evolution has selected the native topology as the one that 

can accommodate the largest structural variation, not the one trapped in a deep, but 

narrow, energy well. According to this hypothesis, the average energy of an ensemble of 

structures varying in the vicinity of the native skeleton would most likely to be the 

lowest, and the standard deviation of the average energy would be the smallest. Our 

results seem to support the hypothesis very well. Such an observation is also reminiscent 

to an earlier molecular dynamics study, which indicated that the overall averaged 

structure of multiple trajectories is significantly closer to the x-ray structure than any of

9the individual trajectory average structure .

The computational procedure reported in this chapter is fully applicable to 

application of determining topology for skeletons of unknown structures. The protocol 

includes first using the initial screening to remove any inaccessible topologies, then using 

the geometry-based filter to obtain a ranking of all the accessible topology candidates, 

and finally using an appropriate cutoff to select a fraction of accessible topologies for
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energetics analysis. The analysis will in many cases pinpoint the native topology as the 

most favorable on the final list. Furthermore, any additional knowledge about the 

structure under study can be used, together with the final ranking of all topologies, to 

help identify the native topology. For example, if one happens to know the identity of one 

or a few secondary structures in the density maps, such knowledge can enormously help 

filter out the non-native topology candidates if any of them happens to be of a better rank 

than the native topology or help confirm the native topology.

Obviously, the method is not perfect and naturally suffers from the errors in both 

structural measurement and secondary structural prediction. Despite high successful rate, 

there will be cases that it fails to narrow down the native topology as top choices, 

particularly in cases that severe mismatch of secondary structures occurs between the 

skeleton modeled from density maps and the assignment predicted from sequence. 

However, it is important to realize that our new procedure demonstrated that it is possible 

to define native protein topology based on fairly limited structural data without solving 

the structure to much higher resolutions. More importantly, the approach described in this 

chapter may be valuable in protein folding and structure prediction by allowing effective 

discrimination of non-native topology (fold) candidates from the native topology in the 

vast topology space. Finally, we wish to point out that the successful use of the average 

energy of an ensemble of randomly perturbed structures as a robust parameter for 

comparing the relative stability of different topology candidates may have an important 

implication for threading studies 27>28>29>30>31> 32>33.

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



80

3.5 References

1. Bottcher, B., Wynne, S. A. & Crowther, R. A. (1997). Determination of 

the fold of the core protein of hepatitis B virus by electron 

cryomicroscopy. Nature 386, 88-91.

2. Conway, J. F., Cheng, N., Zlotnick, A., Wingfield, P. T., Stahl, S. J. & 

Steven, A. C. (1997). Visualization of a 4-helix bundle in the hepatitis B 

virus capsid by cryo-electron microscopy. Nature 386, 91-94.

3. Mancini, E. J., Clarke, M., Gowen, B. E., Rutten, T. & Fuller, S. D.

(2000). Cryo-electron microscopy reveals the functional organization of 

an enveloped virus, Semliki Forest virus. Mol Cell 5, 255-266.

4. Zhou, Z. H., Dougherty, M., Jakana, J., He, J., Rixon, F. J. & Chiu, W.

(2000). Seeing the herpesvirus capsid at 8.5 A. Science 288, 877-880.

5. Zhou, Z. H., Liao, W., Cheng, R. H., Lawson, J. E., McCarthy, D. B.,

Reed, L. J. & Stoops, J. K. (2001). Direct evidence for the size and 

conformational variability of the pyruvate dehydrogenase complex 

revealed by three-dimensional electron microscopy. The "breathing" core 

and its functional relationship to protein dynamics. J  Biol Chem 276, 

21704-21713.

6 . Zhou, Z. H., Baker, M. L., Jiang, W., Dougherty, M., Jakana, J., Dong,

G., Lu, G. & Chiu, W. (2001). Electron cryomicroscopy and 

bioinformatics suggest protein fold models for rice dwarf virus. Nat 

Struct Biol 8 , 868-73.

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



7. Kuhn, R. J., Zhang, W., Rossmann, M. G., Pletnev, S. V., Corver, J., 

Lenches, E., Jones, C. T., Mukhopadhyay, S., Chipman, P. R., Strauss, E. 

G., Baker, T. S. & Strauss, J. H. (2002). Structure of dengue virus: 

implications for flavivirus organization, maturation, and fusion. Cell 108, 

717-725.

8 . Li, H., DeRosier, D., Nicholson, W., Nogales, E. & Downing, K. (2002). 

Microtubule structure at 8 a resolution. Structure (Camb) 10, 1317.

9. Zhang, X., Shaw, A., Bates, P. A., Newman, R. H., Gowen, B., Orlova,

E., Gorman, M. A., Kondo, H., Dokumo, P., Lally, J., Leonard, G., 

Meyer, H., van Heel, M. & Freemont, P. S. (2000). Structure of the AAA 

ATPase p97. Mol Cell 6,1473-1484.

10. Ludtke, S. J., Chen, D. H., Song, J. L., Chuang, D. T. & Chiu, W. (2004). 

Seeing GroEL at 6 A resolution by single particle electron 

cryomicroscopy. Structure (Camb) 12, 1129-1136.

11. Jiang, W., Baker, M. L., Ludtke, S. J. & Chiu, W. (2001). Bridging the 

information gap: computational tools for intermediate resolution structure 

interpretation. J  Mol Biol 308, 1033-1044.

12. Kong, Y. & Ma, J. (2003). (3-sheets: Locating Sheets in Intermediate- 

Resolution Density Maps. J. Mol. Biol. 332, 399-413.

13. Kong, Y., Zhang, X., Baker, T. S. & Ma, J. (2004). (3-sheets: building 

pseudo-Ca traces for P-strands in intermediate-resolution density maps. J  

Mol Biol 339, 117-130.

R e p ro d u c e d  with pe rm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited w ithout perm iss ion .



82

14. Bahar, I. & Jemigan, R. L. (1997). Inter-residue potentials in globular 

proteins and the dominance of highly specific hydrophilic interactions at 

close separation. J  Mol Biol 266, 195-214.

15. Jones, C. T. (1999). Protein secondary structure prediction based on 

position-specific scoring matrices. J. Mol. Biol. 292, 195-202.

16. McGuffm, L. J., Bryson, K. & Jones, D. T. (2000). The PSIPRED protein 

structure prediction server. Bioinformatics 16, 404-405.

17. Wang, G. & R. L. Dunbrack, J. (2003). PISCES: a protein sequence 

culling server. Bioinformatics 19, 1589-1591.

18. Ruczinski, I., Kooperberg, C . ,  Bonneau, R. & Baker, D. (2002). 

Distributions of beta sheets in proteins with application to structure 

prediction. Proteins 48, 85-97.

19. Bahar, I., Kaplan, M. & Jemigan, R. L. (1997). Short-range 

conformational energies, secondary structure propensities, and 

recognition of correct sequence-structure matches. Proteins 29, 292-308.

20. Davis, L. (1991). Handbook o f Genetic ALgorithms, Van Nostrand 

Reinhold, New York.

21. Goldberg, D. E. (1989). Genetic Algorithms in Search, Optimization & 

Machine Learning, Addison-Wesley, Boston.

22. Orengo, C. A., Michie, A. D., Jones, S., Jones, D. T., Swindells, M. B. & 

Thornton, J. M. (1997). CATH—a hierarchic classification of protein 

domain structures. Structure 5, 1093-1109.

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



83

23. King, R. D. & Sternberg, M. J. E. (1996). Identification and application 

of the concepts important for accurate and reliable protein secondary 

structure prediction. Prot. Sci. 5, 2298-2310.

24. Zhang, X., Walker, S. B., Chipman, P. R., Nibert, M. L. & Baker, T. S. 

(2003). Reovirus polymerase lambda 3 localized by cryo-electron 

microscopy of virions at a resolution of 7.6 A. Nat Struct Biol 10, 1011- 

1018.

25. Reinisch, K. M., Nibert, M. L. & Harrison, S. C. (2000). Structure of the 

reovirus core at 3.6 A resolution. Nature 404, 960-967.

26. Caves, L. S., Evanseck, J. D. & Karplus, M. (1998). Locally accessible 

conformations of proteins: multiple molecular dynamics simulations of 

crambin. Protein Sci 7, 649-666.

27. Miller, R. T., Jones, D. T. & Thornton, J. M. (1996). Protein fold 

recognition by sequence threading: tools and assessment techniques. 

FasebJ 10, 171-178.

28. Skolnick, J., Kolinski, A., Kihara, D., Betancourt, M., Rotkiewicz, P. &

Boniecki, M. (2001). Ab initio protein structure prediction via a 

combination of threading, lattice folding, clustering, and structure 

refinement. Proteins Suppl 5, 149-156.

29. Elofsson, A., Fischer, D., Rice, D. W., Le Grand, S. M. & Eisenberg, D.

(1996). A study of combined structure/sequence profiles. Fold Des 1, 

451-461.

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



84

30. Kihara, D., Lu, H , Kolinski, A. & Skolnick, J. (2001). TOUCHSTONE: 

an ab initio protein structure prediction method that uses threading-based 

tertiary restraints. Proc Natl Acad Sci USA9S,  10125-10130.

31. Lu, L., Lu, H. & Skolnick, J. (2002). MULTIPROSPECTOR: an 

algorithm for the prediction of protein-protein interactions by multimeric 

threading. Proteins 49, 350-364.

32. Jones, D. T., Miller, R. T. & Thornton, J. M. (1995). Successful protein 

fold recognition by optimal sequence threading validated by rigorous 

blind testing. Proteins 23, 387-397.

33. Jones, D. T. & Thornton, J. M. (1996). Potential energy functions for 

threading. Curr Opin Struct Biol 6,210-216.

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



85

CHAPTER 4.

Folding of Small Helical Proteins Assisted by Small-Angle X-Ray 

Scattering Profiles

4.1 Introduction

One of the major goals of protein folding is to obtain overall three- 

dimensional tertiary structure from one-dimensional primary sequence of amino 

acids. From decades of extensive study, substantial progress has been made in 

terms of understanding of folding mechanisms and of actual prediction of three-

1 91dimensional structures ' . At current stage, however, reliably determining overall 

topology for most proteins is still a challenging problem.

In this chapter, results are reported for our folding study of small helical 

proteins or domains aimed to determine tertiary topology of them under several 

constraints. We modeled the proteins based on Ca-traces and the secondary 

structures as standard helices. The starting conformations were randomly chosen 

ones with extended tertiary structures. Knowledge-based potential functions and 

x-ray low-angle scattering (SAXS) profile were used to guide the simulations. To 

efficiently sample conformational space, we also developed a novel Monte Carlo 

(MC) protocol, which was based on observation made from previous studies that 

the large-scale conformation changes are dominated by a small number of low-

99 99frequency normal modes ’ . A distinct feature in the new protocol is the 

separation of scale between Hamiltonian for calculating normal modes and for
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updating Metropolis criterion in MC simulation. A substantially improved 

sampling efficiency was observed in our study.

Multiple folding trajectories were simulated, and they usually resulted in 

different final structures with a fairly diverse distribution of topology. A major 

issue, therefore, was to distinguish the most-native-like topology among them. To 

do so, we adopted an approach developed in our recent study 24, which was 

originally designed to determine protein topology from the skeletons of secondary 

elements derived from low- to intermediate-resolution density maps. The 

approach was based on an essential observation that the average energy of an 

ensemble of structures with slightly different configurations around the original 

structure was a much more robust parameter for marking native topology than the 

energy of any of the individual structure in the ensemble. The underlying 

hypothesis is that native topology was chosen by evolution as the one that can 

accommodate the largest structural variations, not the one rigidly trapped in a 

deep, but narrow, conformational energy well. In this study, for each final folded 

structure, we separately generated an ensemble of structures around it and 

evaluated the average energy as the criterion for identifying the native topology. 

Our results showed that, in two third of testing cases with simulated scattering 

profiles, the native topology was successfully identified. The remaining cases 

were also close to be the native topology. Finally, the method was also tested on 

real experimental scattering data with satisfactory outcome.

Since we used Ca-based model, the approach could not deliver atomic 

resolution structure, our focus was, therefore, on getting the overall topology
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right. It was shown that the approach was particularly effective for small globular 

helical proteins or protein domains. We argue that such a success could help to 

increase the effective resolution of SAXS method since a reasonably correct 

three-dimensional topology conveys more structural information than, for 

example, a 10 A density map by other technique such as cryogenic electron 

microscopy (cryo-EM), from which no detailed structural model could be derived. 

For small non-crystallizable proteins, therefore, our method helps to bridge a gap 

(for helical proteins at the moment) between cryo-EM, which works better with 

very large systems, and x-ray crystallography, which must have quality crystals. 

This is particularly important since SAXS is relatively low-cost and fast method 

comparing with other solution-phase methods such as NMR.

This chapter is written in such a way that the computational method 

section precedes the results, which is then followed by a concluding discussion.

4.2 Methods

General Procedure of the Algorithm

The simulation of Ca-based model of testing protein was started from an 

initial state with extended loops and standard helices. The conformational space 

was then sampled iteratively using Monte-Carlo Metropolis algorithm. In each 

step of the MC simulation, an elastic-normal-mode based method was applied to 

change the structure along a randomly chosen mode and amplitude, while the 

degrees of freedom within each helical region were fixed —a model similar to the 

diffusion-collision model 25’26. The scoring function used to evaluate the
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acceptance in each step included the short-range bond angle constraint, long- 

range potential, hydrophobicity and solution scattering information. Considering 

that simple energetic constraints together with the inverse scattering problem have 

no unique solution, multiple trajectories were generated equivalently and 

converged to different final compact structures. Then a more accurate method was 

applied to select the final topology among these generated candidates.

Protein Model and Initial Condition

In current study, the atomic representation of each testing protein is 

simplified to the coarse-grained model in the simulations. Each amino acid is 

represented by a single site, its Ca atom. Two continuous Ca atoms are assumed to 

be connected by a pseudo-bond which have a length of 3.8 A. This virtual bond 

model is originally proposed by Flory and collaborators to study the configuration 

of random poly-peptide theory. The conformation of this virtual backbone for a 

protein of N residues is thus defined by 3N-6 parameters. N-l virtual bond length 

connecting two neighbor Ca atoms; N-2 virtual bond angles 9; defining local 

packing of Ca atom against its previous and following neighbor; N-3 dihedral 

angles cpi describing the torsional rotation of bond 1;.

The Cartesian coordinates of each Ca atom of one protein model, given the 

set of geometric parameter {lN„i, 0N_2, <Pn-3}, can be determined by the following 

method proposed by Levitt and collaborators 31. Provided the positions of the first 

three Ca atoms, the coordinates of each additional residue i are calculated by the 

three orthogonal unit vectors u, v and w:
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r , _  (^-3 - ^ - 2)-[(^--3-^-2)-“ ]“ ,d U
| ( ^ - 3  -  Vi - 2  )  ~  [ f o - 3  ~  r i - 2  ) - U M  

W  =  U X V

Where r, is the coordinates of residue i. Given the bond angle and bond dihedral 

of the preceding residues, the next residue can be built by the simple relation: 

rt = r._! + 3.8cos(;^-0,._1)w + 3 .8 sin(7r-<9I._1)cos^i_2v + 3 .8 sin(7r - 6#i_1)cos(3,._2w

(4.2)

We assume the knowledge of secondary structure has been given. 

Furthermore, in our study, helices were modeled and simulated as rigid bodies. 

This is theoretically based on the diffusion collision model of protein folding, 

which assuming that set of secondary structure elements can be defined such that 

the folding process involves their diffusion together, collision and occasional 

coalescence. This model is most suitable to describe the folding process of helical 

proteins. Thus in our simulations, the helical regions in each testing protein are 

fixed at the ideal angles. For residues in the loop regions, the degrees of freedom 

were totally relaxed and bond angle and dihedral were set as completely extended 

state in the initial condition. The all-helical proteins in our testing set were thus 

initiated with this kind of relatively extended state in the beginning of simulation 

procedure in order to eliminate the conformational bias.

Elastic-Normal-Mode Based Method to Sample Conformational Space

We sampled the conformational space of our protein model using elastic 

normal mode which is based on a coarse-grained harmonic potential:
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v = 4 2 > #w// r u ) W -
i r!

IJ /  ’ y 0 > r.
(4.3)

where rJ  and are the instantaneous and current values of distance between

Ca atom pair i and j. While y is the uniform force constant and cutoff value rc is 

set as 13 A.

Previous studies suggest that large-scale conformation changes are 

dominated by low-frequency modes, which are provided by the eigenvectors 

obtained by diagonalizing the second derivative matrix of the total potential of 

equation (3). This small numbers of collective coordinates span an essential 

subspace of protein dynamics in the energy surface. Therefore, the conformational 

space can be sampled with large efficiency and accuracy while using low- 

frequency modes of elastic normal mode analysis

Furthermore, considering the degrees of freedom within one helical region 

are fixed, we use Block Normal Mode (BNM) 28,29,30 approach to change the 

conformation of protein model. BNM method first partition a structure into n 

blocks. In our model, each block corresponded to one residue for loop region. For 

helices, each secondary structure element was set as one block. After the partition 

scheme, a projection matrix P was constructed to reduce the degrees of freedom 

within each single block.

Pfj ,  = n  = 1,2,3

p “.,, = X  (I j )()'I), j n j ( ri -  r "< ) / ' *  ^  = 4,5,6 <4-4>

in which p stands for the translation for p=l, 2, 3 and rotation for p=4, 5, 6 ; J and

j is the index of blocks and residues; Mj, Ij and r j is the sum of mass, momentum
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of inertia and center of mass for J block; 8V|i and sapv is Kronecker delta symbol 

and permutation symbol. For each block including more than one particle, only 

the translational and rotational degrees of freedom were considered. Thereafter, a 

Hessian matrix in the subspace (H*) was constructed and diagonalized to generate 

the eigenvectors in the projected subspace (U*). This eigenvectors were further 

expanded back to the original space using the following equations:

H* = P tHP\

[U*fH*[U*]  = A; (4.5)
U = PU*\

A distinct advantage of elastic normal mode is that it regards the current 

coordinates as the equilibrium coordinates, therefore energy minimization is not 

required and can be applied iteratively to cover the large-scale conformation 

change as discussing in the next section.

Monte-Carlo Iteration to Generate Conformational Change Trajectory

As we attempted to change the conformation from the initial extended 

state to the final compact state with low-frequency normal modes, a single normal 

mode or a single set of normal modes were not sufficient and representative. Thus 

we needed to define such kind of large-scale conformational change iteratively by 

the following procedure. Given a certain conformation of protein model, a subset 

of low-frequency modes were calculated based on current Ca-network using the 

block normal mode and harmonic potential presented in the last section. These 

modes were randomly selected and the current structure was then moved along 

the chosen mode. The amplitude, with which the current structure was moved 

along the chosen mode, was also randomly provided, so that current structure can
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have equal probability to move in the same direction or in the opposite direction 

with the chosen normal mode. Considering the structure was changed along a 

low-frequency normal mode, every single Ca was moved collectively.

Meanwhile, these collective motions can also prevent the total structure from 

energetic and geometric unavailability.

After the conformation was changed, SHAKE algorithm was applied to 

keep the pseudo-bend constant. A new structure including bond length larger than 

a certain cutoff resulting from tip effect was discarded, and a new normal mode 

was randomly chosen again to change the old structure until the changed structure 

satisfied bond-length constraint. The newly updated structure was compared with 

the old one and the acceptance of current move was based on the Metropolis 

criterion according to the defined scoring function. Detailed description about our 

acceptance criterion and scoring function will be presented in the following 

section.

If the newly updated structure was finally accepted, then this changed 

structure was set as current structure of the protein model in the new circle. A set 

of normal modes was again calculated based on this updated structure and 

selected randomly. The overall Monte-Carlo iterations 33 assure the structure 

model to cover large-scale and an-harmonic conformational change, although 

every single step of move was harmonic normal-mode-based.

Scoring Functions

The scoring function we used to evaluate the conformations along 

simulation trajectories can be expressed as:

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



93

U T ota l U S R  + U V D W  U  LR +  U Hydrophobic + U  Scattering (4.6)

The first term on the right hand side of Equation (6) is due to the pseudo-bond 

angel constraint, which can be maintained by a harmonic potential:

USR = Y ^ k
T“ 2

(4.7)

The equilibrium bond angle Go is set as 105°, the variance of bond angle 0V is set 

as 15°, and the efficient force constant ke is equal to 2. In order to prevent the 

protein model from inter-residue collapse, a homogeneous Van Der Waals 

potential U VdW was addedwith the form 33:

U vow U0

12

duv y y

'  , A6 dc (4.8)

where dy is the instantaneous distance between monomer i and j, do is a constant 

distance equal to 5 A, which is the most possible distance between two nearest 

neighbor Ca atoms in protein structures, and Uo is set to 1. The long-range 

interactions, especially when the proteins get to the compact conformations, can 

be evaluated by using a residue-specific distance-dependent potential extracted 

from structural database by Bahar and Jemigan . The knowledge-based potential 

can be written as:

U Lr = Z  u 0* j ’ r ) (4.9)
*< J

in which i and j stands for different residue type and r is the distance between 

these two residues, u (i, j ,  r) is the energy parameter derived by Bahar and

Jemigan.
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It is well studied that hydrophobic residues tend to be buried in the core of 

the proteins and it is also observed that such hydrophobic core is structural stable 

and sequence conserved across many families of proteins. Based on this fact, we 

construct a crude scoring term to mimic this hydrophobic effect. Several 

hydrophobic residues such as He, Leu, Val or Phe were chosen within each 

helical region of a protein sequence. Then the summation of distances between all 

pairs of the chosen hydrophobic residues was calculated simply as:

XI — — X ' IY — YHydrophobic r\ /  * | i j  
4  i,jeHC

(4.10)

HC in the equation above stands for the chosen hydrophobic core. The scoring 

term tended to be minimized during the simulation process. Finally, the 

hydrophobic residues which were selected as core can be buried inside the total 

stmcture of the proteins. It should be mentioned that the hydrophobic score will 

not be over minimized because of the Van Der Waals term. The further 

decreasing of the inter-residue distance will cause the Van Der Waals energy goes 

up.

X-ray scattering data of proteins can give information on their size and 

shape parameters. Therefore this information can be incorporated as a constraint 

in protein structure prediction. In the current study, we adopt the score function 

Uscattering concerning the scattering profile as the form:

n |2
U scattering =  W^ j  p i a r g et {Si )  _  ^M odel {Si )| (4-11)

i =1

In this error function, iTarget(Si) and iModei(Si) stand for the scattering intensity of

thtarget structure and modeled structure specified at i point Si, while s; is the
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scattering vector. The scattering intensity I(s) of a model formed by N beads can 

be calculated by the Debye formula, which reduced to

where Io is the intensity scattered by each monomer and ry is the distance between 

pairs of monomers.

To represent the scattering profile I(s), the scattering vector s was divided

value of n in Equation (11) equals to 100. According to the experiments,

a resolution of lnm, which included the shape and fold information indicated by 

Svergun and collaborators in their recent paper. Finally, the parameter w in 

Equation (11) is a weight constant which is used to balance the contributions 

between the previous energetic terms and the scattering term. In our study, the 

parameter was adjusted heuristically so the final structures after different 

simulation trajectories can get the similar radius of gyration. Experientially, the 

optimal w was derived so that the ratio of initial value of scattering term to the 

rest in the scoring function is 1:5.

After the new structure was generated by the block normal mode and 

SHAKE constraint, the acceptance of this move is based on the Metropolis 

algorithm: the new conformation is accepted if the following criterion is satisfied:

(4.12)

into bins with interval ds=0.001 A~' and the maximal s was set to O.lA'1. So the

measurements of scattering profiles to an up-limited value of O . l A 1 correspond to

(4.13)
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Where Uxotai is the scoring function under new conformation and U °T 0tai is the 

scoring function under conformation before moved, r is a randomly generated 

variable, and c stands for the Metropolis temperature scaling parameter 

considering the empirical scoring function was used in our simulation. The initial 

value of parameter c was adjusted from 1.5 to 3 depended on the size of the 

testing proteins. Generally, proteins with larger size get larger value of c, because 

they get larger value of scoring function and will converge too fast and thus drop 

into the local minima if the same small value of c is applied. Additionally, the 

parameter c was adjusted to decrease in the final steps of the simulation so that 

the structure tended to occupy the lower energy states. Correspondingly, the 

maximal value of normal mode amplitude for each step the protein allowed to 

move was also adjust decreasingly in the final steps so the conformation space 

can be finely sampled before the simulation converged.

Final Selection of Assembled Topologies

Using the coarse-grained potential of residue interactions and other simple 

constraints, the precise energy landscape of real protein can not be well 

represented, which means the funnel-like global minimum was not well-defined. 

Additionally, using solution scattering information, the problem of three 

dimensional model generated from one dimensional data is fundamentally 

underdetermined. Therefore, for each testing case, multiple trajectories were 

generated independently. Finally, a number of compact structures were derived 

for each protein after all the test runs were converged. These structures were 

similar in shape and radius of gyration, but different from tertiary packing of
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(a) 1MBG (b) 1EOO

(c) 1NKL (d) XAXW

Figure 4.1 Comparison of the Most Native-like Topology with the Corresponding Native 
Topology (a-d). For clarity, only the helices are drawn as cylinders. The dark color indicates 

native structures, and the light color indicates simulated structures. The values of RMSD without 
loops are 4.1 A for lmbg, 5.1 A for leoO, 5.4 A for lnkl, and 6.2 A for lalw .

helices. Comparing all these structures with the native structure, we found the 

lowest RMSD was almost always less than 7.0 A, indicating the correct topology 

and tertiary packing. We used an energy based procedure developed in our 

previous study to recognize the correct topology among all the generated 

candidates.

For all generated structures of modeled protein, only the axis and direction 

of each helix and their connectivity were kept from their Ca coordinates. These 

vectors indicated the possible packing geometry or topology for each modeled 

protein. Then for each of these possible topologies, an ensemble of slightly 

randomized structures was generated to represent the distribution of this topology 

in conformational space. All the structures generated were coarse-grained, i.e., 

each residue is treated as one point and represented by the position of its CD
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atom. Each structure in this ensemble was constructed by two steps. The first is 

helical structure placement: the helical segments were placed with their reserved 

helical principal axes. To allow for enough structural deviations, the X, Y, Z 

coordinates of the center of mass of the helical segments were randomized in a 

sphere of radius of 1.0 A. The three angles of rotation around the center of mass 

were also randomized within a range of 5 degree. These fluctuations enabled a 

more complete sampling of conformational space for a given. The second step is 

loop construction. Once the secondary structures were all in place, we employed 

an off-lattice MC procedure to construct the loops. At first, the target loop was 

built up to its full length in an extended conformation to connect two neighboring 

secondary structures. Then, the loop was allowed to undergo small random 

movements following an MC update.

The CD-based energy function that guided the MC simulation included 

three parts: i) within the loop, the short-range bonded energy terms were 

described by the potential functions,

E SK =
N  N - 1 N - l  , (4.14)
Z £(/,)+ Z E(e,)+ Z [£(ec)/2 + E(<pti)12 +A & (&,?;)]
i= 2 i= 2 i= 2

+!Z [ * E ( e l, K ) + A E ( e l, r i ) \
i =  2

N is the number of CD atoms in the loop. The first summation was the potential 

energy associated with stretching the virtual bonds between neighboring C □ 

atoms, which was approximated by a harmonic form, k(lj-lo) , in which k was the 

force constant of 10RT/A2 and lo was set to 3.8A. The second and the third 

summations referred to the distortion of bond angles and bond torsions
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respectively and were expressed as knowledge-based energetic parameters. The 

last summation accounted for the pair-wise coupling of bond torsion and bond 

angle. These bonded energy terms enforced the loop to adopt a reasonable local 

stereo-chemical configuration, ii) The long-range interactions were set to a form 

of hard-core potential (2.5 A in radius) to avoid the intra-molecular clashes, iii) 

Finally, an additional energy term was introduced between the C-terminus of the 

constructed loop and the N-terminus of the following secondary structure. It was

'y
also modeled by a harmonic potential with the form of K(r-lo) , where r was the 

distance between the C-terminus of the loop and the N-terminus of the following 

secondary structure, lo was 3.8A, and K was the force constant with a value of 

20RT/A2. This additional energy term ensured the smooth loop closure during 

construction. After the randomized structures have been constructed, any one 

within the ensemble was discarded if potential spatial clash (less than 2A) was 

present.

Then all randomized structures were energy-refined by global 

optimization. Global optimization included the genetic algorithm (GA) 

optimization for rotations of the helices and MC relaxation for loop regions. By 

operating this process iteratively, the whole structure was guided globally to a 

more well-defined state.

In the rotational optimization of the helices, the total energy function used 

included the short-range terms expressed in Equation 14 and the long-range terms 

that were evaluated by using a residue-specific distance-dependent coarse-grained 

potential extracted from structural database by Bahar and Jemigan. All helices in
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Helix PDB Protein Protein Rank for RMSD with RMSD
number id size architecture best decoy loop without loop

lmbg 40 orthogonal 1st 3.98 4.10
3

helices
lprb 45 up-down 1st 3.76 3.39
lerc 40 up-down 5th 3.78 3.07
leoO 76 up-down 1st 5.77 5.57

4
helices

li2t 61 orthogonal 1st 5.52 5.24
leoq 64 orthogonal 3rd 5.53 5.12
lnkl 78 orthogonal 1st 5.47 5.37

5
helices

2cro 65 orthogonal 1st 6.85 6.02
low5 60 orthogonal -yth 5.10 4.45
la lw 91 orthogonal 1st 7.02 6.19

6
helices

lngr 74 orthogonal 1st 5.35 5.38
lich 87 orthogonal 4th 6.09 5.82

Table 4.1 Results for 12 Testing Proteins
The number in the column “Lowest Rmsd Topology” describes the energetics ranking of the 

topology of the lowest rmsd in relation to the native topology. Therefore, “1st” means the 
energetics-based screening successfully identified the most native-like topology as the lowest one 

in energy. The values of rmsd calculated with and without loops are both listed.

a structure were allowed to rotate around their helical axes by a GA to search for

lower energy configurations. The rotation around their helical axes is the most

sensitive movement for □ -helices. In a GA algorithm, the rotational degree of

freedom around the principal axis of each helix was coded as a gene, and the

genes for all helices were arranged into a sequence. The initial set of binary codes

standing for all possible combinations of orientation of all helices were randomly

generated and evaluated by fitness score that was expressed as the total energy.

Parts of a binary code were allowed to exchange with the corresponding parts of

another code (crossover procedure). Moreover, one or more bits of the binary

codes were substituted randomly by a new value (0 or 1) to mimic evolutional

mutations (mutation procedure). The crossover and mutation procedures

generated new generations of codes that were evaluated for evolutional

advantages. Iterations of these steps led to the final convergence of the fitness

score.
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The loops were relaxed again using a MC simulation similar to what was 

used for loop construction with the exception that the total energy function used 

in this step was the same as the one used in GA optimization of helical rotation. 

Finally, iterative application of GA optimization of helical rotation and MC 

optimization of loop and sheet conformation guided the whole structure to a 

globally lower energy state.

After global optimization of structures for all the possible topologies, the 

average energy for the whole ensemble was evaluated and compared. As a result, 

within all the 12 testing proteins, eight cases were found that the topology with 

the lowest RMSD from the native structure was ranked first.

4.3 Results

Test of 12 All-helical Globular Proteins

The simulation protocol was first tested on a set of 12 all-helical globular 

proteins, which had size groups of three-helical, four-helical, five-helical, and six- 

helical proteins. Each size group had three different proteins that were of 

architecture styles of either orthogonal bundle or up-down bundle . The SAXS 

profiles for all the proteins were computationally calculated. Table 4.1 shows the 

results of folding. For each size group, the native topology of two out of three 

proteins was successfully identified with reasonable root-mean-square deviations 

(rmsd) from known crystal structures. The error in the final folded structures 

inevitably increased with the size of protein. But we argue that such magnitudes 

of rmsd is within the overall range of current precision of structural prediction by
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Figure 4.2 The Snapshots Taken from One of the Folding Trajectories of Protein lnkl (a-f). (a) 
shows a conformation near the beginning of simulation, and (f) shows the final folded 

conformation that has an RMSD of 5.5 A to the native structure.

-5Q
other methods . Even for the ones that the native topology were not ranked 

number one, most of them were in top five out of totally tern trajectories.

In Fig.4.1, one of the successful cases for each size group was displayed 

together with the crystal structures. It is clear that for all the size groups, the 

overall topology of the proteins was all correctly reached. Note, for clarity, the 

loops were not shown. All major helices were in the vicinity of their correct 

positions. In Fig.4.2, one of the folding trajectory was shown from a conformation 

near the beginning of simulation to the end of simulation. It is clear that the 

overall efficiency of conformational space sampling by the elastic-normal-mode- 

based MC protocol is good. Each trajectory for the largest protein we tested took 

about 48 hours on a single processor PC machine. We noticed that the speed of 

computing also depends on the total number of blocks in BNM analysis which
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Figure 4.3a

RMSD=7.22A
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Figure 4.3b

Figure 4.3 Four Final Folded Structures from Different Trajectories for lmbg and lnkl 
For each protein ([a] lmbg; [b] lnkl), the first structure has the lowest RMSD value (most native

like). All folded structures have compact conformations and similar radii of gyration, but with
quite different topologies.
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was related to the length of loops as well. But, overall, our protocol was very fast 

for folding the small to medium size helical proteins.

In Fig.4.3, four typical final folded structures were shown for two 

proteins, a) four-helical protein lmbg, and b) five-helical protein lnkl. For each 

of the protein, the first one was the mostnative-like topology, which was 

successfully identified in our final screening. The results, however, clearly 

demonstrate that the final folded structures from different folding trajectories had 

a wide range of distribution of topology, not all of them were that close to the 

native topology. This fact necessitates the application of additional energetics- 

based screening in our protocol (see Methods section). Moreover, in Fig.4.4, the 

convergence of energy values during MC simulations for all ten trajectories of 

lnkl was displayed. It is clear that all trajectories converged quickly, but the rmsd 

of final folded structures were fairly different. Finally, in Table 4.2, the results for 

energy-based screening of ten folded structures for lnkl are shown. The 7th 

trajectory was the most-native-like one. It had the lowest average total energy in 

the randomized ensemble of structures constructed and optimized around the 

original folded structure. The standard deviation (SD) for the energy distribution 

for this trajectory was also the smallest and the number of randomized structures 

generated was the largest among ten trajectories. This conclusion is consistent 

with our previous observation 24, which indicated that the native topology was 

chosen by evolution as the one that can accommodate the largest structural 

variations, not the one rigidly trapped in a deep, but narrow, conformational 

energy well.
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Figure 4.4 The Energy convergence of MC simulation for protein lnkl. The small inserted figure 
indicates convergence of rmsd. Although the overall convergences for different trajectories were 

similar, the final structures differ substantially with regard to RMSD.

Analysis of Some failed Cases

To better understand the performance of our simulation protocol, here we 

present two typical cases that the method failed. One is apomyoglobin (PDB 

code: lbvc) and another is cytochrome C (PDB code: lakk).

The structure of myoglobin has eight helices (six major ones) and 153 

residues. Identical simulation protocol was applied. Out of ten trajectories, none 

of them has a native-like topology. The closest had rmsd 10.52 A . If only the six 

major helices were compared, the rmsd was 8.0 A. Fig.4,5a shows the detailed 

comparison of six major helices with native structure in the lowest-rmsd model. 

The dark color stands for native helices and light color stands for our modeled
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Index Average 
RMSD (A)

Average 
Total Energy 

(RT)

SD of Total 
Energy (RT)

Average Long- 
range Energy 

(RT)

SD of Long- 
range Energy 

(RT)

No. randomized 
structures in the 

ensemble
1 10.7 -378.21 50.74 -54.42 26.93 253
2 6.6 -399.08 45.99 -54.91 22.08 353

3 10.8 -378.59 61.71 -42.19 33.91 322
4 8.9 -396.36 44.87 -49.77 33.35 373
5 10.5 -378.70 50.91 -31.08 40.08 472
6 7.2 -399.85 42.71 -53.26 26.14 445
7 5.4 -418.47 37.75 -64.92 25.59 563
8 10.5 -403.07 38.95 -52.19 24.25 510
9 11.7 -371.95 45.91 -34.79 35.62 416
10 10.6 -388.36 48.5 -40.16 36.13 412

Table 4.2 Detailed Results for the Final Energetic-Based Ranking of Ten Folding Trajectories for
lnkl

helices. It is clear that the lowest-rmsd model has a very similar shape comparing 

with the native structure. The largest discrepancy from the native structure was in 

the last two major helices, which were swapped in the modeled structure. Note, 

since the native topology was not in the final ten folded structures by visual 

inspection, we didn't apply energetic-based screening.

In the case of cytochrome C, it is a smaller four-helical protein. Fig.4.5b 

gives the ribbon diagram for schematic illustration of the structure together with 

its co-factor heme not included in folding simulation. The folding simulation also 

failed to produce native-like topology out of multiple trajectories. The rmsd was 

larger than 10 A. One of the reasons for this failure was that the folding of native 

structure of cytochrome C heavily involves its cofactor heme. Since we didn't 

include the hem e in our sim ulation, this could  contribute to the substantial error in 

the final folded structures. Also, there is a very long loop from residues 17 to 48 

that extensively interaction with heme group. This loop also contributed to the 

frustration of the folding simulation.
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Figure 4.5 Examination of Failed Cases

(a) Comparison of the lowest-rmsd structure with the native structure for myoglobin lbvc. Six 
major long helices are illustrated one-by-one. Their amino acid sequence ranges are 3-18, 20-36, 
59-78, 85-96, 100-119, and 124-149. The last two were swapped in the folded structure, but the

overall architecture of the folded structure is not far away from that of the native structure.
(b) Ribbon diagram for cytochrome c. The long loop that extensively interacts with the heme

group is highlighted in a darker color.
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Cases with Mismatch between Predicted and Native Secondary Structures

In above cases, we utilized the native secondary structure assignments 

taken from the crystal structures. For the purpose of practical applications, we 

also tested cases with mismatches between the predicted and native assignments.

If we used the consensus secondary structure prediction server 

(http://ibivu.cs.vu.nl/programs/sympredwww/), three out of twelve proteins we 

tested above had secondary structure mismatches. They were lerc, low5 and 

lprb. Here we illustrate the results for one of them, low5. It is a five-helical 

bundle and secondary structure prediction gave four helical regions (two small 

helical regions were predicted as a single long helix). If we constructed the initial 

protein model based on the predicted secondary structures with the scattering 

profile still computed from native crystal structure, the folding simulation gave 

the lowest-rmsd of 6.86 A from the native structure with loop regions and 6.78 A 

without loop regions (note in Table 4.1, this protein has rmsd 5.10 A with loop 

and 4.45 A without loop). The structural comparison was shown in Fig.4.6. The 

global arrangement of all four helices is similar to the native structure. As seen in 

Fig.4.6a, in the folded structure, the single long helix, predicted over sequence 

region that has two smaller helices in native structure, lies in the average position 

between the two native helices. These results indicate that, in general, if the 

mismatches between the predicted and native secondary structures are not too 

severe, our method is still capable of delivering reasonable overall topology.

Test of system with experimental scattering data
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In order to test our simulation protocol against real experimentally 

measured SAXS data, we tested on a system that had published scattering data 

available 40 (the maximal scattering vector s was set to 0.05A-1). It is a relatively 

large three-helical bundle protein (149 residues), the N-terminal region of 

spectrin, and the secondary structure prediction gave the same assignment as the 

native structure. Fig.4.7 shows the most-native-like topology found in our 

simulation superimposed with the published structure model. The match was 

reasonably good and the rmsd was 6.5 A. Note the absolute size of this three- 

helical bundle was even larger than the largest six-helical bundle protein we tested 

above.

Convergence of Elastic-normal-mode-based MC Simulation

Finally, we demonstrate the convergence of the MC protocol we 

developed. We compared the new protocol with a more traditional rigid-body MC 

simulation, in which each block was chosen randomly at each time step, then the 

chosen block took a random move. If the chosen block contained only one C- 

alpha atom as in loops, then the random move was taken on its three translational 

degrees of freedom. If the chosen block contained more than one C-alpha atom as 

in helices, then three additional rotational degrees of freedom were changed 

randomly. For comparison purpose, we used the same initial condition, the same 

energy potential and weight value, and the moving amplitude was also adjusted 

close to the normal-mode-based MC simulation. The convergences of two 

simulation methods are shown in Fig.4.8. We found that the normal-mode-based 

MC simulation converged much faster and to a lower energy, or a more compact
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b )  Consensus secondary 
structure assignment

Lowest 
RMSD=4.93 A

( 1)

Secondary structure 
assignment by YASPIN

Lowest 
RM SD-5.85 A 

(2)

Secondary structure 
assignment by PSIRed

Lowest 
RMSD=11.36 A 

(3)

Figure 4.6b

Figure 4.6 Comparison of the Lowest-RMSD Structures with the Native Structure for low5 and 
3icb with Mismatches between the Predicted and Native Secondary Structures. The darker color is 

for the native structure, and the lighter color is for the folded structure.
(a) For low5, a particular helix is highlighted by ribbon representation in each panel (1-4). Note 
the mismatch that occurs over the sequence region of two small, dark helices highlighted in (3).

(b) For 3icb, results for different secondary structure assignments are shown.
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conformation, than the traditional rigid body MC simulation. Although the 

calculation of elastic normal modes in each step took some additional time, the 

overall performance of normal-mode-based MC is significantly better, especially 

in terms of the energy of the final folded structure. As an example, we ran ten 

independent trajectories by the rigid body MC simulation for lnkl. The final 

average rmsd to the native structure was more than 13 A and the lowest-rmsd was 

11.2A, comparing with the average rmsd 9.3 A and lowest-rmsd 5.4 A in the case 

with elastic-normal-mode-based MC simulation. More importantly, with 

traditional rigid body MC, the lowest-rmsd final structure out of the ten folding 

trajectories had a non-compact structure with a non-native topology. These results 

indicate that new normal-mode-based MC protocol is a better one

4.4 Concluding Discussion

In this chapter, we reported results of a computational study for 

determining tertiary topology of small globular helical proteins, or protein 

domains. Knowledge-based potential functions and coarse-grained protein models 

(C-alpha-traces) were used in the folding simulations. One important feature in 

this study was that a novel protocol of MC simulation was employed. The essence 

of it was the separation of scale in Hamiltonian used for conformational random 

walk and for Metropolis criterion. The former random walk was based on elastic 

normal modes, and the latter Metropolis criterion was based on more accurate
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Figure 4.7 Comparison of the Most Native-like Topology with Native Structure for Spectrin. The 
rmsd is 6.5 A. This protein was folded by using published experimental SAXS data 40 as

constraints.

potential functions. Such a separation of Hamiltonian allows an effective 

sampling of conformational space. It is important to point out that the potential 

functions used for Metropolis criterion had no restriction and they can be any kind 

of form. The protocol, therefore, can be generalized into any case. Another 

distinct feature in this study was that the utilization of SAXS data as soft 

constraint in assisting folding. For a set of testing proteins we studied with both 

simulated and experimentally measured scattering profiles, a satisfactory 

successfully rate was achieved.
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We wish to emphasize that the purpose of making random configurational 

moves during MC simulation along the eigenvectors of elastic normal modes is 

for achieving maximal sampling efficiency. Each normal mode is a single, but 

collective, degree of freedom. Moving along the low-frequency mode has the 

effect of achieving largest structural change collectively with the smallest 

energetic cost. Our fundamental assumption is that, at any given instant, the 

direction of conformational movement in the immediate future can be 

approximated by the normal modes calculated at that instant. Although the 

conventional concept of normal mode, as a harmonic approximation, does not 

seem to allow the system to cross energy barrier along the eigenvector, in this 

case, the separation of scale of Hamiltonian overcomes this problem. As shown in 

our study, the structural movement along the coarse-grained elastic normal modes 

can efficiently cross energy barriers in the landscape defined by more 

sophisticated Hamiltonian later used for Metropolis criterion. It was shown in this 

study that the method was very effective for folding simulation because folding 

process involves large-scale conformational rearrangement that drastically 

changes the shape of molecule. Normal modes are good parameters to describe 

the conformational changes that substantially alter the overall shape of molecule

22, 23, 41

From our study, it seems that the success of folding depends more on the 

complexity of structure, less on the absolute size of structure. The three-helical 

protein we successfully tested with experimental scattering data was relatively 

simple in its topology, but large in size comparing with other systems we tested.
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Figure 4.8 Comparison of the Convergence of Two MC Methods on Protein lnkl. The dotted line 
is for traditional rigid-body MC, and the solid line is for elastic normal mode-based MC. It is clear 

that the normal mode-based MC converges much faster and to a lower energy, i.e., a more
compact conformation.

Myoglobin was another case that surely the complexity led to the failure of 

simulation. However, we wish to point out that, even for myoglobin in which case 

the native topology was not folded, the final folded structure had four major 

helices correctly positioned. The remaining two helices with their positions 

swapped, the overall angles of them were still close enough to the native helices. 

In other words, if only the skeleton of secondary structure elements were 

concerned, all the rough positions of helices would have to be considered as 

correctly predicted. The results would be of similar level of information as to 

what can be obtained from intermediate-resolution cryo-EM density maps, where 

the skeleton of protein was able to be extracted 42'44.
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At the current form, the protocol we used relies on the knowledge of 

secondary structure assignment on sequence. The model is somewhat similar to 

diffusion-collision model, but with completely different sampling scheme. In real 

application, the secondary structure assignment would have to be taken from 

computational prediction, which has about 80 to 90% of accuracy in determining 

major secondary structures. Our method should be able to handle cases if small 

helices are missing in sequence-based prediction.

In conclusion, we believe that, for small globular helical proteins or 

protein domains, it is feasible to utilize SAXS data to assist structure prediction to 

a level of accuracy that is roughly equivalent to intermediate-resolution density 

maps from other structural biology experiments. But SAXS has its unique 

advantage for being able quickly handle small soluble proteins, which effectively 

provides a bridge between technique like cryo-EM and x-ray crystallography. It 

also provides a useful alternative technique for fields such as structural genomics 

since SAXS experiment should be much easier to be automated than x-ray 

crystallography.

Together with the recent development of other computational methods 45, 

46 that also utilize SAXS data to derive the overall shape of large molecular 

complexes with promising success 47’48, we believe that these methods will 

eventually enable SAXS to be a main stream experimental technique in the field 

of structural biology.
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CHAPTER 5.

Knowledge-based Potential Function Requiring Only Ca Positions

5.1 Introduction

Protein folding is one of the most challenging problems in both 

computational and experimental biophysics 10. The goal is to determine three- 

dimensional structures from one-dimensional amino-acid sequences. In 

computational study, potential function plays a central role in accurately 

predicting the structures. There are two types of potential functions in general, 

one is physics-based and another is knowledge-based. The physics-based potential 

functions are derived from quantum mechanical calculations, e.g., CHARMM 

force field 28, the essence of which is mechanical potential. The knowledge-based 

potential functions are derived from statistical analysis of known protein 

structures, the essence of which is the potential of mean force, or free energy. In 

many applications, it has been shown that the knowledge-based potential 

functions outperform the physics-based ones. There are many comprehensive

r  ■ . ,  n • v . . 5 , 1 5 ,2 0 ,2 4 ,3 0 ,3 5 ,3 7 ,4 0 ,4 7 ,4 9 ,6 5reviews for various potential functions m the literature .

The knowledge-based potentials functions can usually be divided into two 

types: atomic level potentials 8’18,27 ’29,38,41 ’43,61 ’64 and coarse-grained potentials

3 -4 ,6 , 9, 11-12, 14, 16-17, 21, 25-26, 3 1 ,3 3 -3 4 , 3 9 ,4 6 -4 7 , 52, 54, 6 0 ,6 2 -6 3  _ ^  ^  ^  ^

demonstrated to be highly effective in reducing the computational cost in 

modeling native protein structures although they are sometime thought to be not 

physically rigorous enough to reflect the entire landscape of potential surface 49,
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. The performance and applicability of coarse-grained potential functions are 

largely modulated by the choice of coarse-graining scheme. In many applications, 

an ability to accurately calculate the potential energy purely based on Ca 

positions would certainly give one some advantages. Typical examples are recent 

studies on modeling protein chain topology based on low-resolution density maps

57  58and on coarse-grained folding simulation based on Ca model .

In this study, we have developed a knowledge-based potential function, 

named as OPUS-Ca potential, that only requires the Ca positions as input. The 

potential function contains seven terms for representing typical molecular 

interactions in proteins. They are distance-dependent pairwise energy with 

orientational preference, hydrogen bonding energy, short-range energy, packing 

energy, tri-peptide packing energy, three-body energy, and solvation energy. It 

was tested in recognizing a number of commonly used decoy sets. The results 

show that OPUS-Ca potential outperforms all known Ca-based ones and most of 

other coarse-grained ones that require information more than Ca positions. We 

hope that this potential function adds a new tool for protein structural modeling.

5.2 Methods

Our total energy function consists of seven terms,

c1  e1 i r  I . r1
to t p a irw ise  pa irw ise  H b o n d  H b o n d  sh o r t  _  range sho rt _  range

^  packing ^  packing ^  tr i-p e p tid e  ^  tr i-p e p tid e  ^  3- body ^  3- body ^  solvent ^ s o l v e n t

(5.1)

here w ahead of each energy term is the weight for that energy term. Although 

the energy function is applied to pure Ca trace, to reliably build some of the terms
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Table 5.1 Performance on decoy’R ’us decoy sets, (a) individual protein, (b) average results
a Ranking of the native conformation. 
b Z-score of the native conformation. 

cThe number of native conformations ranked top-1. 
d The number of native conformations ranked top-10. 

e Average Z-score.

in Equ.l, we first needed to establish pseudo mainchain and Cp conformations 

from Ca trace.

Building Mainchain Atoms

From the positions of Ca atoms, we built the positions of other mainchain 

atoms (including N, C, O, H atoms) and Ca atoms. The procedure was based on 

the observation that mainchain conformation can be mostly determined by local 

conformation of Ca atoms . In general, we established a mainchain atom 

database, which contained positional information of mainchain atoms with respect 

to local conformation of Ca atoms extracted from the known structure database. 

We used non-homologue structure database from PISCES server by Dunbrack 55. 

Only x-ray structures were used. The percentage identity cutoff was 30%. The 

resolution cutoff was 1.8 A. The R-factor cutoff was 0.25. The total number of 

chains was 2232.

In detail, we built all mainchain atoms of residue i from the position of 

four consecutive Ca atoms of residues i-1 , i, i +1, i + 2. We characterized local 

Ca conformation based on three parameters: Ca-Ca distance ( between 

residues i -1  and i + 1, Ca-Ca distance (d ii+2) between residues i and i + 2, and 

dihedral angle (<pt)  formed by all four Ca atoms. Fig.5.1 schematically illustrates 

these parameters. Here, the distance was divided into 10 bins with a bin width of 

0.3 A. The range of the distance in our analysis was from 4.6 A to 7.6 A. The
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Figure 5.1 Schematic illustration of parameters used to build pseudo-main chain atoms and Cp 
atoms from Ca positions. The three parameters are the Ca-Ca distance (di_u+i) between residues i- 

1 and i+1, the Ca-Ca distance (diji+2) between residues i and i+2, and the dihedral angle (tpO 
formed by all four Ca atoms. vx, vy, vz are local Cartesian coordinate axes to build atoms.

dihedral angle was divided into 36 bins with a bin width of 10°. This led to a total 

of 10 x 10 x 36 = 3,600 three-dimensional bins. To establish the mainchain atom 

database, the positions of all mainchain atoms (N, C, O, H) found in structure 

database were averaged within each bin. To perform the averaging, we used a 

local reference frame. Its origin was set at Ca atom of residue i and Cartesian 

coordinate axes vx, vy, vz were defined as:

where r was the Ca positional vector of residue i and rb was an auxiliary vector.
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In addition, if Ca distance between residues i and i +1 was ranged from 

2.7 A to 3.3 A, e.g., the ci.s-peptide bond in the case like proline, we performed 

statistical analysis of histogram separately. In the case that not enough statistical 

data were available for a particular bin, data from the most similar bins were 

assigned.

For the first and last two residues, we assumed that their local Ca 

conformations were the same as those of the nearby residues so that their 

mainchain atoms could be built as well (note, for most of proteins, these residues 

are highly flexible). Also, to build the mainchain atoms between the first Ca and 

second Ca atoms, local reference coordinate axes vx', v vz' on the first Ca 

atom were defined as

-  . r3 ~ ri
V b =T T — rr 

r3 “  r\

V
r2 ~ n

(5.3)

V = v / x V
vz'= v /x v /

In real application, given the conformation of four consecutive Ca atoms, 

we looked up the corresponding bin based on the distances and dihedral 

parameters, and assigned the mainchain atoms coordinates extracted from the 

database. After establishing the positions of mainchain atoms, we could also build 

Cp atoms from N, Ca, C atoms according to the standard parameters: the bond 

length of Ca-CP bond was 1.53A, the bond angle of N-Ca-CP angle was 110°, 

and the dihedral angle of N-Ca-C-CP was 124°.
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(a) (b)

Figure 5.2 Schematic illustration of the different orientations of interacting Cp pairs, (a) Residue i 
points toward j, but residue j points away from i. (b) Both residues point toward each other.

Distance-dependent Pair-wise Energy with Orientational Preference

The term, E pairwise, is the distance-dependent pair-wise energy term. It has

an orientational preference in such a way that we distinguished the cases that the 

sidechain of one residue points away from the partner residue or points towards 

the partner residue. Specifically, we used Ca to C(3 vector to represent the rough 

direction of the sidechain. The distance-scaled finite ideal-gas reference state was 

used to normalize the statistical data 64. For a pair of residues whose CP atoms 

were within the cutoff distance ( rcut - 15/1), the energy Epairwise for residues i 

with respect to residue j  was given by

E pairw ise  ( A ’ A j ’ 0 i j ’ r y )  =  ~ R T \ X \
N o b s  ( A »A  > O j j  ’ r ij ) (5.4)

(rv /  rcut J  (A rv /A rcut )V„„,S ( A „ A y, Ot], rcul)
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here At is the residue type, rt] is the CP-CP distance between residues i and j ,

Artj andAr;ii( are the bin width at distance rtJ and r ut. The constant R was the gas 

constant and T was temperature (both were set to one in practice). The total 

number of bins used in our study was 20. The bin width was 2 A for rtj < 2 A, 0.5

O O 0 0

A for 2 A < ^  < 8 A, and 1 A for 8 A < ^  < 15 A. The exponent a  was 1.61.

The term N ^ A ^ A ^ O ^ )  gives the observed number of pairs of CP atoms at the

designated distance in their respective orientation in the structural database. The 

symbol OtJ can be expressed as,

where r(atoml,atom2) was the displacement vector from atoml to atom2. We 

used this symbol Otj to distinguish the effect of relative orientation of the two 

residues. If the value of Otj was 1, the residue i pointed towards residue j; if the 

value of Otj was -1 , the residue i pointed away from residue j .  Note, this means 

the case i to j  and the case j  to i can be different. Fig.5.2 schematically 

illustrates the two cases, in (a) residue i points towards j ,  but residue j  points 

away from i ; in (b) both residues point towards each other. Because of the 

normalization, the energy term, Epairwise, naturally decays to zero at cutoff 

distance rcut. In the case of glycine, we used C a atoms instead, and omitted the 

effect of orientation.

(5.5)
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0,H

C a ;

Figure 5.3 Schematic illustration of the parameters used in H-bond energy. Z  CON, Z  NHO, 
ro,N. ro,H are used in hydrogen bonding criterion. Z  CON, rC N are used as energy parameters.

Hydrogen Bonding Energy

The term, EHbond , is the Ca-based mainchain hydrogen bonding energy.

Our knowledge-based energy was developed via statistical analysis of those

residue pairs in the non-redundant structure database which satisfied the hydrogen 

11bond criterion . The criterion was:

r0 H < 2.7 A ,r0 N <3.5k ,ZC O N  < 90° ,ZNHO < 90°. (5.6)

Fig.5.3 illustrates the parameters. For a particular pair distance rtj = r0N, and 

interaction angle 0tj = ZC O N , the total number of mainchain hydrogen bonds was 

counted as N ( rtj, 0{j) in a space region defined from  (ry , Ot]) to 

(r, + Arn,0n + A <9,) with volume V ( r,,, 8,,) ( Ar„ was 0.1 A and A0„ was(/ v y y y y y y

7t / 36 ). This region was cylindrically symmetric with respect to mainchain 

carbonyl bond (we assumed that the nitrogen atoms in hydrogen bonding
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interactions in this region were uniformly distributed). Then, the hydrogen 

bonding energy E Hboni as a function of (rtj, Gt]) was given by

E mml ( r . ,6 , , )= -R T  In ■ —  + min( RT  [n ,

nj •<>,< nj ■(>,,
(5.7)

here, VTotal was the volume of the entire search space defined as the spherical 

shell with ri; in the range of 1.8 ~ 3.3 A and dtJ was in the range of [0, tt] . The 

sum in the denominator gave the total number of hydrogen bonding pairs in the 

research region. Our counting only applied to residues that were at least two 

residues apart in sequence. The second part of the energy term was a constant 

energy shift to eliminate energy barrier during hydrogen bond formation. Note, in 

our study, Proline was never considered as donor, chain C-termini were never 

considered as acceptors.

In real applications, we built mainchain atoms (including hydrogen atoms) 

from C a atoms first. We found that the N, C atoms built from C a atoms had 

about 0.1 A rms deviations from native positions, while O atoms had about 0.3- 

0.4 A. In order to avoid wrong assignment of hydrogen bond owning to the error 

of estimated mainchain, we used a modified criterion:

r0H < 2.8 A, r0N < 3.7 A, ZCON <9 0°, ZNHO<90°. (5.8)

We found that by using this criterion, ~91% of the hydrogen bonds identified by 

the old criterion in Equ.6 were found by the new criterion in Equ.8. We believed 

that the current pure Ca-based method can provide reasonably close energy value 

to all-atom mainchain hydrogen bond energy.
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i-2

'i-i

Figure 5.4 Schematic illustration of short-range parameters. 0 is the pseudo-bond angle formed by 
three consecutive Ca atoms; (p is pseudo-dihedral angles formed by four consecutive Ca atoms.

Ca-based Secondary Structure Assignment

Several of terms in our energy function required the secondary structure 

assignment. The Ca-trace alone does not allow one to accurately identify the 

secondary structure by method like DSSP algorithm 22, and the positions of 

mainchain atoms we built were pseudo positions for auxiliary purpose, i.e., they 

were not accurate enough for regular secondary structure assignment. As 

indicated above, we thus modified the definition of hydrogen bonds. Since, with 

the new definition, only 5% hydrogen bonds were missed, we hoped that the 

accuracy of secondary structure assignment on the pure C a level was thus 

reasonable. We only classified three secondary structure elements: a-helix, 10-3 

helix and 7t-helix were categorized as helix; extended sheet and P-bridge were 

categorized as sheet; others, such as loop and bend, were categorized as loop. 

Short-range Term

The term, Eshvn_ e, was a short-range energy term. The conform ation o f  

each penta-peptide fragment was divided into discrete bins, associated with the 

sequence information. The correlation between sequence and local/secondary 

structure for each penta-peptide fragment was constructed and transferred into
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energy functions based on statistical distribution extracted from structure 

database. This short-range energy term presents the structural preference of local 

fragments.

The conformation of the C a trace for a protein of TV residues was thus 

defined by 3TV -  6 parameters: TV -1  pseudo bonds connecting two neighboring 

C a atoms, TV -  2 pseudo bond angles ( 6) formed by three C a atoms, TV-3 

pseudo dihedral angles ( cp) formed by four C a atoms. All the degrees of freedom 

are illustrated in Fig.5.4. The energy function was expressed as:

Here, Ai was the residue type of the central residue in the penta-peptide (20-letter 

code), S2nd was the secondary structure type. The bond angle, which was from 0

to 180°, was divided into 6 bins. The dihedral angle, which was from -180° to 

180°, was divided into 24 bins.

Packing Term

The term, Epacking, was for pair-wise packing energy related to the

sidechain orientation, residue type and secondary structure. The packing energy 

can be expressed as a sum of six terms,

^ 'p a c k in g  ^ H _ s e lf  ^ S _ s e lf  ^ S _ pairing ^ H - H _ packing _ p a ck in g  ^ S - S _ packing  *

'short _  range

(5.9)

(5.10)
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The first term, E H self, was helix self-packing energy. Sidechain interaction

within a helix has been analyzed previously 1_2’u ’50, and (i,i + 3), (i,i + 4) residue 

pairs play significant role in stabilizing helix structure. Hence, we statistically 

analyzed the sequence propensity of such residue pairs in helix in structure 

database. The term E H_self can be expressed as:

N h,{Ai,Aj ) Y 4N f { A i,Aj )
-RT\n(— -----------------  ), 7 = 1 + 3

E H _ s e l f ( A p A j )  -  '

J '
A  j , A j

K iA ^ A j )  2 > 4 (A„A; )

- R T U -— -), ;■ = / + 4
N t ( A i,Aj ) Y JN h4(Ai,Aj)

Ai,Aj

where N^(AnAj)  was the number of cases that residue i of type A was three

residues ahead in sequence of residue j  of type A. on helix, N f { A pAj) was for

the cases that both residues were not in helix, A^fA^A.) was the number of cases

that residue i of type Ai was four residues ahead in sequence of residue j  of type

Aj in helix, N f  (A^A.) was for the cases that both residues were not on helix..

The second term, Es_self, was sheet self-packing energy, very similar to

the first term. We statistically analyzed the sequence propensity of (i,i + 2) 

residue pairs in sheet in structure database. So,

K (A „ A j)  Y K s(AtA j )

E s ^ A ^ - R T X K  „ J . J = i + 2, (5-12)
N?(Al,AJ) 2 JN 12(Ai,AJ)

A  i , A j
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in which N ^A ^A j)  was the number of cases that residue i of type Ai was two 

residues ahead in sequence of residue j  of type A} on strand, N ^iA ^A j)  was for 

the cases that both residues were not on strand.

The third term, Es pairing, was sheet pairing energy. In this term, we

analyzed the sequence propensity of any interacting residue pair in both 

antiparallel and parallel cases. Comparing with what reported in literature 19’51, 

we took into account more complete set of interacting residue pairs. This energy 

term is very useful in terms of determining the sequence registry of pairing 13- 

strands. We denoted 7] . as the type of interacting residue pairs i , j . There were 

totally four types of interacting residue pairs for antiparallel sheet (schematically 

shown in Fig.5.5a: hydrogen-bond-involving pair (type 1] . = (0,0)), non

hydrogen-bond-involving pair (type Tuj = (1,1)), hydrogen-bond-involving residue 

interacting with the residue next to the non-hydrogen-bond-involving residue on 

the opposite strand (type Tt . = (0,2)), and non-hydrogen-bond-involving residue 

interacting with the residue next to the hydrogen-bond-involving residue on the 

opposite strand (type T’ . = (1,3)). Similarly, there were totally three types of

interacting residue pairs for parallel sheet (schematically shown in Fig.5.5b: 

hydrogen-bond-involving residue interacting with non-hydrogen-bond-involving 

residue (type 7] . = (0,1)), hydrogen-bond-involving residue interacting with the

next non-hydrogen-bond-involving residue on the opposite strand towards the C- 

terminal (type Tt . = (0,3)), and non-hydrogen-bond-involving residue interacting 

with hydrogen-bond-involving residue on the opposite strand towards C-terminal
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Ca!

Ca Ca

i+1 Ca< 'Ca

A A (0  0 )  A B (0  2)
a a ( 1 1 )  a b ( 1 3 )

Figure 5.5a

i-1 Cal Ca(

Ca Ca

i+1 Ca' Ca' j+1

A a ( 0  1 )  A b ( 0  3 )  b A ( 3 0 )

Figure 5.5b

Figure 5.5 Seven types of interacting residue pairs in two pairing P-strands. (a) Four types of 
interacting residue pairs in anti-parallel p-strands. (AA) A hydrogen-bond-involving pair [Ti+ij.! = 

(0,0); note for illustration purposes that the subscripts of Tpq are based on the diagram in the 
figure]; (aa) a non-hydrogen-bond-involving pair [Ty = (1,1)]; (AB) a hydrogen-bond-involving 
residue interacting with the next hydrogen-bond-involving residue on the opposite strand rTi+ii+i 

=(0,2)]; (ab) a non-hydrogen-bond-involving residue interacting with the next non-hydrogenbond- 
involving residue on the opposite strand [Ty+2 = (1,3)]. (b) Three types of interacting residue pairs 
in parallel b-strands. (Aa) A hydrogen-bond-involving residue interacting with a non-hydrogen- 
bond-involving residue [T ;.^  =(0,1)]; (Ab) a hydrogen-bond-involving residue interacting with 
the next non-hydrogen-bond-involving residue on the opposite strand toward the C terminus [TV 

i j + i =  (0,3)]; (aB) a non-hydrogen-bond involving residue interacting with the next hydrogen-bond- 
involving residue on the opposite strand toward the C terminus [Tj.li+i = (3,0)].
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(type 7] ■ = (3,0)). Note, the four types in anti-parallel sheet were symmetric,

while the three types in parallel sheet were asymmetric with respect to the 

direction of the polypeptide chain.

We can enumerated all possible interacting residues and their types in (3- 

sheets defined above from the hydrogen-bond-involving status P(i, j )  of any two 

registered residue pairs. We denoted P(i, j ) = 1 as the case that hydrogen-bond- 

involving residue i pointing to non-hydrogen-bond-involving residue j  in 

parallel sheet; P(i,j) = -1  as the case that non-hydrogen-bond-involving residue 

i pointing to hydrogen-bond-involving residue j  in parallel sheet, P(i, j ) = 2 as 

the case that hydrogen-bond-involving residue pair i, j  in anti-parallel sheet, 

j ) -  _2 to denote the case that non-hydrogen-bond-involving residue pair 

i, j  in anti-parallel sheet. Es_pairing could be expressed as

4 4
— ---------------------  15 131

A j  A ,

where iVofo(A,.,A .,7jy) was the observed number of one specific interacting residue

pair of type Ai and A . .

The fourth term, EH_H_ packing , was inter-helix packing energy. Here, we

analyzed the sequence propensity of packing residue pairs in different helices.

Our strategy was to define a Ca-based condition for inter-helix packing, then to

develop an energy term based on that. We defined d h* (4-, A;) as the residue-type-

2 > * M

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



138

Type of Weight Optimized Equal Contribution
Equal

Contribution,
modified

w  ■ ■pairwise 0.3 0.3 0.3

W H bond 0.3 0.3 0.3

W ,short _  range 0.6 0.6 0.6

weights ^ p a c k in g 2.7 3.5 3.5

Wtr i-p e p tid e 0.1 0.4 0.1

W 3 -body 0.1 5.6 0.1

^ s o lv a tio n 2.5 5.1 5.1

performance
Subset 1 (25a) 
Subset 2 (151) 
Subset 3 (41)

21b/-4.81c
146/-7.00
39/-6.51

18/-4.11
148/-6.92
37/-6.40

19/-4.68
148/-7.13
39/-6.66

Table 5.2 Optimized weights and performance.
a The number of proteins in decoy sets. 

b Number of native conformations rank top-1. 
c Average Z-score.

dependent cutoff distance between C|3 (or C a in the case of glycine) of two 

residues for inter-helix interacting. To determine (At,A j ) , we calculated from

the structure database the distances between C(3 atoms (or C a in the case of 

glycine) of two residues in different helices whose sidechains had contacts. Two 

sidechains were considered to have contacts if the distance between two atoms 

from each sidechain was less than 5A. d hh(A , A, ) was chosen to include most of
cu t 1 J

the contacting residue pairs while having reasonably low false-positives, and its 

value was kept in a lookup table. Our inter-helix packing criterion was:

7d  d
or . (5.14)

< d hh{Ai,Aj ) and f  • r >0
cut I J  C a ,C p  C p , C 3p

The energy term can be expressed as,

rc‘fi,dfi
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— H  _  packing (A,,A,) = - « r  In
A  A

where Nobs (A(, A}) was the observed number of interacting packing pair of 

residues of type A; and A; , and N h(Ai) was the total number of residues of 

type Af in helix.

The fifth term, EH_S_ k i , was helix-strand packing energy. Here, we 

analyzed the sequence propensity of packing residue pairs in one helix and one 

sheet structure. Our strategy was very similar to EH_H paclcing term. Our helix-

sheet packing criterion was almost the same as inter-helix packing criterion in 

equation (14), except that we calculated cutoff distance d ĥ (Ai, A; ) for helix- 

strand packing. The energy term can be expressed as:

where Nohx (A,, A;) was the observed number of interacting packing pair for two 

residues of type Ai in helix and Aj in sheet, and N h(Ai) was the total number of 

residue of type Ai in helix and N s(Aj) was the total number of residue of type 

Aj in sheet.

The sixth term, Es_s_paclcing, was inter-sheet strand-strand packing energy.

Here, we analyzed the sequence propensity of packing residue pairs in different |3- 

sheets. Our criterion of packing residue pairs in strand-strand packing was:

-  5 _ packing (A,,Al ) = -R T \n Aj Aj

w '( 4 m A ; ) 2 X , ( A . ^ )  '
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where, d s(sut (A;, A ■), was cutoff distance and was also determined from

the structure database for intersheet strand-strand packing. Note, the residue pairs 

belong to two contacting strands in the same sheet were excluded. The energy 

term can be expressed as

where Nnbs (A(, Aj ) was the observed number of interacting packing pair in sheet 

for two residues of type A;, A; , and N s(Aj) was the total number of residue of 

type A,, in sheet.

Tri-peptide Packing Term

The term, Eln_peptule, is for the tri-peptide energy defined as the contact

energy of two specific tri-peptides with corresponding secondary structure types. 

We used four-letter-code to coarse-grain the amino acid sequence: changed (Asp, 

Glu, Lys, Arg, His), polar neutral (Ser, Thr, Asn, Gin), non-polar small (Gly, Ala, 

Val, Cys, Met), and non-polar large (lie, Leu, Pro, Phe, Tyr, Trp) residues. We 

also used three types of secondary structure, a-helix, 3-strand and loop. 

Therefore, there were totally 64 x 3 = 192 different types of tri-peptides, in which 

64 = 4 x 4 x 4 was for the coarse-grained residue types and 3 was for the 

secondary structure types. The tertiary packing potential is given by

S - S  _ packing
A  A , (5.18)
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E t,i -p e p tid e  (T i • S i i T j  ’ S j ) =  ~ R T  l n (5.19).
N obs{ s -S j ) x Z (Ti) x Z (Tj y

here, T was for the i* tri-peptide, St was for the secondary structure type of that 

tri-peptide, and z(Tt) was the mole fraction of tri-peptide i extracted from the 

structural database. Also, N obs was the observed number of contact pairs in the 

structural database: was for the contacts between tri-peptides and

was for the contacts between two secondary structural elements

defined as a pair of secondary structural elements with at least one pair of tri

peptide contact). To define a contact between two tri-peptides, a 3 x 3 distance 

matrix Dtj was constructed for the pair, in which the element dki lj of the matrix

gave the distance between the kth residue in tri-peptide i and the Ith residue in tri

peptide j .  Two tri-peptides were regarded in contact if more than five elements 

of their 3 x 3  distance matrix were within the cutoff distance which were set to 5

o o o
A for a strand-strand contact, 10 A for a helix-helix contact and 12 A for all other 

contacts.

Three-body Term

The term, E 3_body, is a three-body energy for including the multi-body

effect. A triplet of residues was defined as three residues (not nearest neighbor in 

sequence) with their C(3 atoms in long-range contact (defined as all three pair 

distances smaller than a cut-off distance rc < 7.5 A). All the triplets in the non- 

redundant structure database were recorded. The energy term for a residue triplet 

(type A, , Aj and Ak) was given by
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o,
(5.20)

otherwise

where N was the number of triplets of type (Ai,Aj ,Ak) extracted 

from the database, and %(At) was the mole fraction osf the residue type Ar C 

was a factor defined as

here, rj was the number of distinct residue types in the triplet (1 < ij < 3) and tv 

was the number of residues of type v in the triplet.

Solvation Energy Based on Solvent Accessible Surface

The term, Esolvent, accounts for solvation energy based on solvent

accessible surface (SAS). Solvation free energy has been related to SAS for a long 

time, and analytical approximation methods have been developed and applied to 

molecular dynamics simulation. Here, we developed a coarse-grained knowledge- 

based energy based on sidechain SAS.

We first developed an approximate method to calculate sidechain SAS 

from C a atoms only. Here, we defined rres(i) as the effective radius of the whole 

residue i and Ssc(i) as effective total solvent accessible surface for the sidechain 

of residue i, which can be calculated by Ssc (i) = 4n  ■ r'sc (i)2 -  4tr(rsc (i) + rlU0 )2, 

rsc(i) was the effective radius for the sidechain of residue i, and rĤ0 was the 

radius of water molecule (set to 1.4 A). We also defined dsc (i) as the distance

(5.21)

V =1
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Figure 5.6 Schematic illustration of the parameters of the side-chain SAS from the Ca position. 
For residue i, rres(i) is the effective radius of the whole residue, rSc(i) is the effective radius for the 
side chain, dsc(i) is the distance between the Ca atom and effective side chain center, and Rsc(i) is 

the positional vector of the side chain center. rH2o is the radius of a water molecule (1.4 A).

between C a atom and effective sidechain center for residue i . The positional 

vector of the sidechain center was Rsc(i). We made an approximation by 

assuming that effective sidechain center was always along the C a to C(3 direction 

(see Fig. 5.6). So Rsc(i) = RCa(i)+ clsc(i)r° , where RCa(i) was C a positional
C'a.C'p

vector of residue i, r° was the unit vector along the C a to C(3 direction. Side-
CtX’C0

chain SAS for residue i could then be calculated by:
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SAS(i) = A'-  B', (SAS(i) = 0, if  A/< S,’)

f u t t ’ j )  =  r r e A i )  +  4 ( 0  +  r H 2 0

0, d(Rsc(i),RCa( j ) )< rcu,(i,j)

where s = 2.5 A according to literature56. Here, we had 20 of rres, 19 of rsc and 19

of dsc as all the parameters in SAS calculation.

In order to obtain sidechain SAS accurately from our coarse-grained 

model, we trained all the parameters against atomic sidechain SAS. We calculated

expected values. Then we used simulated annealing Monte Carlo simulation to 

optimize parameters according to the following scoring function on a training set 

of 392 protein chains, which were selected from structure database whose total 

number of residues range from 60 to 150 and there were no chain break, 

heteroatoms and missing atoms. The scoring function was:

where Ntot was the total number of residues of a protein chain, and £  (?), ^exp(i) 

were the coarse-grained and expected fraction of solvent accessible surface 

respectively, which can be defined as the ratio between the sidechain solvent

atomic sidechain SAS based on look-up table methods 7 and regarded them as

Score = training set i= 1
E  £ | « o  - C ” ©
ining set i=l

training set
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accessible surface and the total sidechain surface area of that residue in isolation 

with the same configuration, i.e.,

The optimized parameters can be found in Table 5.2, and our best score after 

training was 0.0917, indicating the existence of only about 10% error.

Finally, we developed an energy term related to the fraction of solvent 

accessible surface £  , which had a value between [0,1] and was uniformly divided 

into nbim = 20 bins. It was given by

here, A,. was the residue type of target residue. iV(A(.,£®xp(i)) was the observed 

number of occurrence of residue type A,. When using the solvent energy term, we 

used coarse-grained sidechain SAS as the approximation of atomic sidechain 

SAS.

Weight optimization

In order to have a complete energy function, we needed to assign the 

weight to each term. In general, each term of our energy function represents one 

or more aspects of physical interactions, so the contribution of each term should 

be inherently determined by the physical features of protein structures. Ideally, 

the magnitudes of weights should be independent of their performance on decoy 

sets, and independent of the methods in generating decoy sets. However, there

. (5.24)
SAS^m

S g (i)

SAS(i)

E solvent (A> (0) = ~RT\n (5.25)

bins
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was no ab initio way to determine the contribution of each energy term. Besides, 

some energy terms, like pair-wise, three-body and tri-peptide term, have a mixture 

of several basic physical interactions, i.e., they are not completely orthogonal to 

each other, making weight determination even more subjective. This is why 

weight optimization by using a specific training set often introduces biases.

In our work, we optimized weights on all proteins in LKF decoy set 26 and 

decoy’R’us decoy sets (totally contains four decoy sets, 4state_reduced 23, fisa 45,

AD SO  t -!
lattice_ssfit ’ , and lmds . To ease decoy set dependence of weight 

optimization, we regrouped these decoy sets into three groups based on literature: 

The first group consisted of 151 proteins in LICF set 26,62; the second group 

consisted of 25 proteins in decoy’R’us sets; The third group consisted of the rest 

34 proteins in LKF set and seven proteins in decoy’R’us sets.

We performed simulated annealing by Monte Carlo simulation on a 

selected group. The cost function of our optimization was:

F = z + l.5N mis,mg (5.26)

where z was the average Z-score for all proteins in the group and N missiag was the

number of proteins whose native structures failed to be ranked first with respect to 

the total energy. Z-score of the native structure was defined as:

t?  native _

= Em  E iq l  (5 .27)

where and Etot were the total energy of native and decoy structures for a

particular protein, respectively, Etot and cr(Etot) were the average and standard 

deviation of total energy of all decoys for a particular protein. Temperature factor
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in Monte Carlo simulation kBT was decreased gradually during simulated 

annealing. We used 19800 steps to linearly decrease from 1.0 to 0.01, then set 

kBT to zero in Metropolis sampling and the scoring function in Equ.26 was 

minimized for another 200 steps. We started from the predefined initial weights. 

Then, a randomly selected weight was increased or decreased by 0.1 in each 

Monte Carlo move, if the weight was within the predefined allowed range (see 

below for more details).

We first performed simulated annealing optimization on a randomly 

picked decoy group with randomly assigned weights to obtain a set of optimized 

weights. Then, we used those weights as the new initial values and performed 

simulated annealing optimization on a different decoy group picked randomly.

We repeated optimization among three decoy groups for 100 times. In each round 

of optimization, we restricted the percentage changes of each weight with respect 

to the initial weight. To make simulation converge, we gradually decreased the 

allowed percentage changes from 300% to minimal 20%. However, to prevent the 

weights from being trapped at zero, we also set the absolute allowed changes to 

be no less than 0.5.

According to our weight optimization, we found weights finally 

converged. But the overall performance was not necessary the best for the weight 

in the last step of annealing. So, we selected the best performing weights from the 

last few annealing steps. The optimized weights were listed in Table 5.2.
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5.3 Results

Performance of Individual Terms

We first demonstrate the performance of five major individual energy 

terms in Equ.l in terms of decoy recognition (see Methods). They are distance- 

dependent pairwise energy with orientational preference Epairwise, hydrogen 

bonding energy E Hb0nd, short-range energy E short.rang(;, packing energy E packing, and 

solvation energy E soiVation- There are another two terms, tri-peptide packing energy 

Etri-peptide and three-body energy E3_b0dy Due to relatively small contributions, their 

individual performance is not presented here.

The decoy sets used in this study were from two collections. One was the 

so-called decoy’R’us collection which included decoy sets 4state_reduced (seven 

proteins)36, fisa (four proteins) 45, fisa_casp3 (five proteins) (Simons et al. 1997),

A.0 '7'7lattice_ssfit (eight proteins) ’ , lmds (eight proteins) . Totally, there are 32 

proteins in decoy’R’us collection. Another collection was LKF decoy set (185 

proteins) 26. Table 1 gives the detail ranking and Z-scores for individual protein in 

decoy’R’us collection. Note, only results for 25 commonly used proteins in 

decoy’R’us 9’54 are listed.

Distance-dependent Pairwise Energy with Orientational Preference

For distance-dependent pairwise energy term E pajrwise, the energy was 

calculated with respect to pseudo-CP atoms built from Ca atoms. In literature 60, it 

had been shown that pairwise energy based on CP atoms taken from x-ray 

structure was better than that based on Ca atoms because the distance between 

two CP atoms could better represent sidechain packing than that between Ca
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^  60

P .  4 0 -

decoy'R'us LKF

Figure 5.7 Performance of pairwise energy. (Top panel) Percentage of proteins in d ecoy  sets 
whose native conformations were ranked top-1, (middle panel) percentage of proteins in decoy 
sets whose native conformations were ranked top-10, (bottom panel) the negative average Z- 

scores. (Ca) Pairwise energy based on Ca positions, (CP A) pairwise energy based on pseudo-CP 
positions built from Ca positions without orientation preference, (Cp B) pairwise energy based on 

pseudo-CP positions built from Ca positions with orientation preference.
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atoms. This was confirmed in this study. Moreover our pairwise energy took into 

account the orientation of two pairing residues. The comparison of decoy 

recognition for pairwise energy with and without orientation preference indicates 

that the energy with orientation preference could recognize the native 

conformation of more decoy sets than that without orientation preference. Also, 

the average Z-scores for the native structure in two collections of decoy sets was 

observed to be 0.2 to 0.3 better in the case with the orientation preference than the 

case without. Fig.5.7 shows the performance on two decoy set collections, 

decoy’R’us (25 proteins) and LKF (185 proteins). The upper and middle panels 

give the percentage of proteins in the decoy sets whose native conformations were 

correctly ranked as top 1 and within top 10, respectively. It is clear that the trends 

in both decoy set collections are consistent. the performance of pairwise energy 

with pseudo-Cp is better than the case without, and the performance of the energy 

with the orientational preference is better than the case without. Finally, the 

average Z-scores show the exactly the same trend as well (Fig.l, lower panels). 

Hydrogen Bonding Energy

The hydrogen bonding energy term Enbond required to build pseudo

backbone atoms from original Ca atoms. They were N and H atoms of amide 

groups, C and O atoms of carbonyl groups. To compensate the error from 

building backbone atoms, the hydrogen-bonding criteria were slightly modified. 

First, Ca-based hydrogen bonding energy was compared with all-atom based 

hydrogen bonding energy, which directly used original backbone atoms and 

standard hydrogen bond criteria. By testing on 25 proteins in decoy’R’us sets, it
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A ll-atom  

C a-b ased  A  
C a-b ased  B

g* 60-

O 4 0 -

S> 6 0 -

&  4 0 -  o

Figure 5.8 Performance of hydrogen bond energy. (Top panel) Percentage of proteins in decoy 
sets w hose native conform ations were ranked top -1, (m iddle panel) percentage o f  proteins in 

decoy sets whose native conformations were ranked top-10, (bottom panel) the negative average 
Z-scores. (All-atom) All-atom-based hydrogen bond energy, (Ca-based A) Ca-based hydrogen 

bond energy with an energy shift, (Ca-based B) Ca-based hydrogen bond energy without an 
energy shift. Results are shown for 25 proteins in the Decoys’R’Us collection.
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was found that Ca-based hydrogen bonding energy recognized more native 

conformations and had only a slightly lower Z-score than all-atom based energy. 

Fig.5.8 shows the results. The Ca-based hydrogen bonding energy term also 

performed better than the all-atom based calculation in top-10 ranking.

Another feature of our hydrogen bonding energy was that an unfavorable 

energy barrier for hydrogen bond formation was eliminated by a constant energy 

shift. The occurrence of hydrogen bonds with large NO distance and large CON 

angle was rare. That caused hydrogen bonds to have higher energy at these 

regions than it was at optimal hydrogen bonding region. The energy values 

sometimes could be even positive, so that hydrogen bond formation was not 

favorable. To better describe hydrogen bonding as an energetically favorable 

interaction, a constant energy shift was added to ensure that the energy was near 

zero when hydrogen bond was about to form. Hence, hydrogen bonds could 

readily form without encountering energy barrier when amide group was close to 

a carbonyl group.

From Fig.5.8, one can see that, comparing to the case with a constant 

energy shift, the hydrogen bonding energy without a constant energy shift 

performed persistently worse in recognizing native conformation as top-1, top-10 

ranking and average Z-scores. It was also found the ranking of native 

conformations of three proteins (lnkl in lattice_ssfit, ldtk in lmds and lfc2 in 

lmds) was dramatically worsened from within top-20 to below top-50. However, 

comparing to the case with energy shift, it was found that our energy term 

performed worse in lattice_ssfit and lmds decoy sets, while performed better in
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4state_reduced and fisa decoy sets. So the effect of energy shift was decoy set 

dependent, which was presumably related to how each decoy set was generated. 

Short-range Energy

For short-range energy term EShort_ range, different type of secondary 

structure was considered separately. This was because residues in different 

secondary structure types had different preferences for local conformations. From 

Table la, one can see that the short-range energy could perform quite well in all 

decoy sets except for fisa and fisa_casp3 decoy sets, in which case it couldn’t 

recognize any native conformation and only one in top 10 (PDB code: ljwe). This 

was probably because the decoys in fisa and fisa_casp3 were generated by Rosetta 

based on native small fragments 45, thus the native-like nature of short-range

conformations caused insensitivity in the energy term.

Decoy’R’us (25 d) LKF (151)
Energy
function Rank Z-score Rank Z-score

Our energy3 21 -4.81 146 -7.00

CALSPa 10e 
(out of 18) — 140 -6.42

HRa — . . .
86 

(out o f 110) . . .

LKFa — 93 -3.08
DFI RE-Bb 19 -4.21 — —

DWLb 22f 
(out of 32) -3.59 . . . . . .

HLC 8 -2.67 — —

TE13C 14 -3.53 64 -2.01
BJ° 15 -2.75 — . . .

MJC 11 -2.82 — —

DGRC 21 -5.25 — —

BTC 9 -2.65 — —

GKSC 9 -2.36 . . . . . .

Table 5.3 Comparison of performance between current work and previous work 
a Ca-based energy;b Energy with mainchain information (mainchain atoms or CP atoms, or both); 

c Energy at residue level, with sidechain information;d The number of proteins in decoy set; 
e fisa and fisa_casp3 decoy sets not included;f It also includes other 7 decoy’R ’us decoy sets in 

subset 3, our performance on top-1 ranking was 26 out of 32 decoy sets.)
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Packing Energy

The packing energy term E paCking could be divided into seven smaller 

terms. They belong to three types: short-range packing that facilitated the 

formation of single helix or single strand; long-range packing in paired strands 

that facilitated strand pairing (Es_pamng); long-range packing between different 

helices or strands in stabilizing tertiary structure . Equal weight was used for all 

seven terms. At i, i + 3 or i, i + 4 position in a single helix, Pro and Gly were less 

likely to be involved, as the EH_seif was among the highest when packing pairs 

involved Pro and Gly. Ser, Thr, Asp and Asn were next four unfavorable residues. 

Also, Cys was less likely to pair with one of these four types of residues. In 

contrast, Ala was more likely involved in helices. It was also identified that Met- 

Met, Glu-Arg and Glu-Lys pairs to be favorable at both i, i + 3 and i, i + 4 

position. Met-Met pair had E H_seif of -1.086, -1.149 at i, i + 3 and i, i + 4 position 

respectively; Glu-Arg pair had EH_seifof -1.333, -1.275 at i, i + 3 and i, i + 4 

position respectively; Glu-Lys pair had En_seifof -1.177, -1.248 at i, i + 3 and i, i + 

4 position respectively. For i, i + 2 positions in a strand, Pro was identified to be 

unfavorable, while hydrophobic residues preferred these positions. For example, 

Val-Val pair had Es_seif of -1.793 and Val-Ile pair had Es_seif of -1.677. For two 

paired strands, packing residues tended to have hydrogen bond and electrostatic 

interaction. Preferred contacting residues contained Cys-Cys , Glu/Asp-Arg/Lys, 

His-His, Ser-Asn/Gln, Trp-Trp pairs, etc. For example, E s _ pairin g  (averaged over 7 

cases) for Cys-Cys was -0.811; E s_pairing (averaged over 7 cases) for Glu-Arg was 

-0.894; Es_pairing (averaged over 7 cases) for His-His was -0.605. For long-ranged
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Figure 5.9 Performance of solvation energy. (Top panel) The negative average Z-scores, (bottom 
panel) the number of proteins in decoy sets whose native conformations were ranked top-1 (left) 

and top-10 (right). (All-atom) Solvation energy based on the solvent-accessible surface calculated 
from all atom positions, (Ca-based) solvation energy based on the solvent-accessible surface 

calculated from Ca positions only. Results are shown for 25 proteins in the Decoys’R ’Us
collection.

tertiary packing, it was found hydrophobic and large aromatic residues were 

favorable. For example, Tyr-Trp had E s s _ Pack ing of -2.470 and Ile-Leu had 

E H H _ p a c k in g  of -1.687.

The overall performance of the packing energy term in decoy’R ’us 

recognized six native conformations in top-1 ranking and 17 in top-10 ranking 

(see Table 5.1).
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Solvation Energy

The solvation energy term E so iVation  was based on sidechain solvent 

accessible surface (SAS). An all-atom-based energy function was first established 

based on SAS calculated from all-atom model. Then, the SAS for Ca model was 

estimated based on a coarse-grained method in which all parameters involved 

were systemically optimized from structure database (see Methods). Using this 

estimated SAS as an approximate value, the solvation energy for Ca model can be 

estimated from the all-atom-based energy function.

As indicated in Fig.5.9, in decoy’R’us test, salvation energy based on all

atom SAS found native conformations of 11 decoy sets in top-1 ranking, and 22 

native conformations in top-10 ranking. This implied the reasonable accuracy of 

the solvation energy term when the SAS was obtained from all-atom structure.

For Ca model, the energy function was not as good as its all-atom counterpart. 

However, it still recognized eight native conformations in top-1 ranking and 15 in 

top-10 ranking. The average Z-scores are also listed in Fig.5.9.

Performance of Overall Energy Function

To examine the performance of the overall energy function, weights had to 

be assigned to seven energy terms, a procedure that could be subjective 

sometimes. Two different ways of weight assigning were tried.

In the first way, all energy terms were calculated for all proteins in a non

homology database that had no chain break (a total of 1673 proteins 55). The 

average energy was calculated for each term. Weights were assigned in such a 

way that they were anti-proportional to the average energy so as to make the
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numerical contribution from each term roughly equal. As indicated in Table 5.2, 

this scheme of weight assigning resulted in 18 out of 25 decoy sets in decoy’R ’us 

with their native conformations correctly recognized as the lowest in energy 

(subset 1 in Table 5.2). In LKF decoy collection (subset 2 in Table 5.2), it 

recognized 148 out of 151 decoy sets. As the tri-peptide and three-body energy 

terms could be regarded as higher order correction of other terms, we also 

empirically lowered the magnitudes of these two weights to 0.1. It was found that 

the energy function with the modified weights could slightly improve the 

performance (19 out of 25 decoy’R’us decoy sets) indicating the less important 

nature of these two terms.

In the second way, all seven weights were optimized iteratively on three 

subsets of decoy sets. Strikingly, it was found that the magnitudes of the 

optimized weights to be very close to the modified weight mentioned above. With 

the optimized weights, the energy function could recognize 21 native 

conformations out of 25 decoy sets in decoy’R’us and 146 native conformations 

out of 151 LKF decoy sets. The performance in the Subset-3 was also similar. 

Overall, the performance with the optimized weights was close to the case with 

the modified weight. This result indicates that the optimized weights are not very 

biased by the weight optimization procedure. We suggest using optimized weights 

in real applications as they have included the most diverse features of all decoy 

sets.

The correlation between the root mean square deviation (rmsd) of decoy 

conformations from the native conformation and the energy of decoy
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Residue type T r e l  A) (A2) dsc (A)

1 GLY 1.900 — —

2 ALA 2.108 330.853 0.892

3 VAL 2.871 484.497 0.655

4 ILE 2.910 548.097 0.650

5 LEU 2.785 540.512 0.680

6 SER 2.252 302.490 0.807

7 THR 2.594 369.292 0.759

8 ASP 2.619 421.927 0.784

9 ASN 2.482 372.825 0.815

10 GLU 2.657 523.778 0.846

11 GLN 2.587 459.227 0.869

12 LYS 2.612 637.273 0.907

13 ARG 2.813 565.030 0.889

14 CYS 2.521 360.000 0.512

15 MET 2.691 512.042 0.726

16 PHE 3.112 560.370 0.574

17 TYR 3.072 445.473 0.793

18 TRP 3.370 678.563 0.496

19 HIS 2.723 433.573 0.810

20 PRO 2.800 422.424 0.668

Table 5.4 Values of 58 optimized parameters for determining the SAS of side chains

conformations was evaluated. As indicated in Fig.5.10, a most linear-like 

correlation between the rmsd and energy was observed for 4state_reduced. Decoy
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set LKF had reasonable correlations. However, in other decoy sets, the 

correlations were not so good. This suggests that the correlation between rmsd 

and energy depended on how decoy sets were generated.

The performance of OPUS-Ca potential was also compared with that of 

other potentials. In literature, there are a few energy functions solely based on Ca 

atoms26’39,62. The results are listed in Table 5.3. The performance of OPUS-Ca 

potential seems to be better in terms of decoy set recognition and Z-scores. It also 

outperformed many other coarse-grained potential functions that require either 

backbone or sidechain information 3'4, n ’14,17,34,54,60. In two cases 9’64, the 

performance was similar.

5.4 Concluding Discussion

In this study, a knowledge-based potential function, named as OPUS-Ca 

potential, was developed. To evaluate the potential function, only Ca positions are 

needed as input. Since it is hard to establish a sensitive enough potential function 

only based on Ca positions, the contributions from other atomic positions were 

established from pseudo-positions artificially built from Ca trace. The potential 

function was constructed based on seven major terms representing dominant 

molecular interactions in proteins. The seven terms are distance-dependent pair

wise energy with orientational preference, hydrogen bonding energy, short-range 

energy, packing energy, tri-peptide packing energy, three-body energy, and 

solvation energy.
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Figure 5.10 Scatter plots of total energy vs. RMSD of decoy from the native structure (based on 
Ca atoms). Results of eight proteins (lr69 and 4pti in the 4state_reduced decoy set, lhdd-C in the 
fisa decoy set, ljwe in the fisa_casp3 decoy set, lfca in the lattice_ssfit decoy set, 2cro in the lmds 

decoy set, and lbg8, lboO in the LKF decoy set) are shown.

Decoy set recognition indicated that the overall potential function 

outperformed all known Ca-based potentials and most of other coarse-grained 

ones that require information more than Ca positions. For the performance of 

individual term, it was found that the distance-dependent pair-wise energy with 

orientational preference performed the best, which could identify 18 native
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conformations alone (out of 25 proteins in decoy’R’us collection). Hydrogen 

bonding and short-range energy could also identify 15 and 14 native 

conformations respectively. If the top-10 was used for native conformation 

ranking, then five out of seven energy terms could identify more than 15 native 

conformations alone (especially, the distance-dependent pairwise energy with 

orientational preference could identify 22 native conformations). The 

performance of some individual terms could even perform better than some of the 

other potentials published in literature. This highly optimized performance of 

individual term is advantageous because, in certain situation, one may want to use 

the individual energy term separately based on their physical nature.

An important and difficult issue in developing knowledge-based potential 

functions is the assignment of weight for each term. In general, each term 

represents one or more aspects of physical interactions, so the contribution of 

each term should be inherently determined by the physical features of protein 

structures. Ideally, the magnitudes of weights should be independent of their 

performance on decoy sets, and independent of the methods in generating decoy 

sets. However, there is no ab initio way to determine the contribution of each 

energy term. Besides, some energy terms, like pair-wise, three-body and tri

peptide term, have a mixture of several basic physical interactions, i.e., they are 

not completely orthogonal to each other. That makes weight optimization even 

more subjective. This is why weight optimization by using a specific training set 

often introduces biases. In this study, several different ways of assigning weights 

were tried in order for minimizing the bias.
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C H A PT E R  6.

Summary and Future Goals

This thesis describes computational methods for refining, modeling and 

simulating protein structures in multi-scale resolution. Different algorithms and 

strategies are developed and presented in the fields of elastic network model, 

structural bioinformatics, hybrid Monte-Carlo simulation and knowledge-based 

potential, in order to complement, improve or guide the experimental results in 

Fiber Diffraction, cryo-EM, Small Angle X-ray Scattering and X-ray 

Crystallography. The main contributions of this thesis are as follows: (a) Larger- 

scale normal mode analysis and substrate synthesis method has been designed to 

refine the atomic structure of actin filament against fiber diffraction data, (b) A 

new computational protocol combined geometry-based loop motif library and 

energetic optimization has been developed to construct protein skeletons based on 

intermediate resolution density maps from electron microscopy, (c) A novel 

hybrid Monte-Carlo sampling technique has been developed to fold proteins into 

correct topology assisted by small angle x-ray scattering data, (d) A coarse

grained, knowledge-based potential has been constructed and applied to protein

decoy recognition and structure prediction.

Based on current status, further research to follow up the results of this 

thesis could take a number of different directions, as now discussed. In fiber 

diffraction case, analytical model for modeling the long-range baseline wiggling 

of filaments could be developed so as to overcome some of difficulties

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



171

encountered in normal-mode-based refinement. The method will enable one to 

model filamentous deformations in even larger wavelengths and, more 

importantly, it will dramatically improve the computational efficiency of 

refinement for very large systems. In cryo-EM case, additional filters such as 

super-secondary-structure-motif and evolutionary information are expected to 

extend current method to larger protein systems. For SAXS study, because the 

application of our current sampling method is limited to all-helices proteins, new 

different moving sets in our simulation could be designed specifically for P- 

strands in order to deal with P-included proteins. Finally, the knowledge-based 

potential developed by us could be applied to guide the protein conformational 

sampling, which is expected to fold different protein sequences into specific well- 

packed structures.

In summary, the fundamental goals of our research are aimed at the 

understanding of structure-function relationship of bio-molecules. The 

computational methods developed in this thesis enable such studies and are useful 

to aid experimental structural determinations and computational structure 

prediction that are beyond conventional means.
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