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ABSTRACT 

A Novel Statistical Potential for Protein β-Sheets Prediction 

by 

Linglin Yu 

 

One of the most long-term challenging problems in biophysics studies for 

both computational scientists and experimentalists is protein structure prediction, 

whose goal is to obtain three-dimensional native protein structure from one-

dimensional sequence. In protein structure prediction problems, a fundamental 

problem is β-sheets structure prediction. Though more than 85% of experimentally 

solved proteins contain β-sheet structures, limited methods have been found to 

rapidly and accurately predict the folded conformations. 

 In this study, we proposed a novel statistical potential, OPUS-Beta, to predict 

the protein β-sheet structure only based on the sequence information. We included 

three kinds of potential terms in OPUS-Beta, i.e. the self-packing term, the pair-

interacting term and the lattice term. The number of hydrogen bonds in β-sheets is 

also considered as a potential component, corresponding to a global penalty of the 

potential function. Computational tests show that the new statistical potential has 

an outstanding performance on native structure recognition from decoys comparing 

to the β-sheet specific potentials in literature. We will apply the potential to improve 

the prediction of β-strand and β-residue arrangement and registration for beta 

proteins. 
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Chapter 1 

 Background 

Protein structure, with its significances on biological functions of 

proteins, plays an essential role in biology studies. However, the rapidly 

developing gene sequencing technology and programs worldwide keeps 

making the ratio of the number of discovered protein sequences to 

experimentally solved protein structures increasing fast, though a large 

amount of structures are being added into Protein Data Bank (PDB). Therefore, 

three dimensional protein structure prediction from one dimensional 

sequence based on physical theory and computational methods becomes one 

of the most important while challenging problems in biological physics studies.  

To understand the methods of protein structure prediction based on 

statistical potential functions, an introduction to protein structure[1] will be 

shown in this chapter. Also, a brief description of free energy in statistical 

mechanics will be presented. 
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1.1. Introduction to Protein Structure 

Proteins are crucial for the creatures because they perform a lot of 

specific biological functions for lives. However, it is the three dimensional 

structures of proteins decide the corresponding functions. Under specific 

conditions, the particular extended sequences of amino acids in polypeptide 

chain compact together to folded domains with specific three dimensional 

structures. There are four levels of protein structure. The amino acid sequence 

of a polypeptide chain is called primary structure of a protein. This is the 

simplest structure, which can be derived from the gene sequence directly. 

Different regions of the primary structure form secondary structures, such as α 

helices and β strands. Secondary structures are the local regular conformations, 

and they are the basic elements of an entire protein structure. The tertiary 

structure is formed by packing such secondary structural elements into one or 

several compact globular units, which are called domains. Several domains 

may compact from different polypeptide chains, thus arranging in a quaternary 

structure. 

Figure 1.1 – Overview of protein structure: primary structure; secondary 

structure; tertiary structure and quaternary structure. 
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1.1.1. Primary structure: amino acid sequence 

There are 20 kinds of amino acids in the polypeptide chains. All of them 

are constructed by a central carbon atom Cα which is attached by a hydrogen 

atom H, an amino group NH2, and a carboxyl group COOH. The only feature that 

distinguishes one kind of amino acid from the others is the side chain attached 

to the Cα through its fourth valence, Figure 1.2(a). Side chains play a vital role 

in protein folding process. 

 

 

 

 

             (a)                                                                          (b) 

Figure 1.2 – Primary Structure: (a) amino acid (b) backbone 

Amino acids joint one by one to construct the polypeptide chains 

connected by the peptide bonds, which is produced by eliminating water from 

the carboxyl group of an amino acid and the amino group of the following one. 

By this process, the amino acids form a sequence which goes from its amino 

terminus to the carboxyl terminus, thus generating a backbone. From the 
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backbone, different kinds of side chains project point towards different 

directions, shown as Figure 1.3. 

Figure 1.3 – 3D  protein backbone structure 

The polypeptide chain can be divided into peptide units, which contains 

the Ca atom and the C=O group of residue n as well as the NH group and Ca 

atom of residue n+1 in the same plane. Figure 1.4 represents the peptide units 

as blocks to specify the polypeptide chain structure. 

 

 

 

 

Figure 1.4 – Polypeptide chain is consist of peptide units 
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1.1.2. Second structure: α helix and β sheet 

There are two kinds of secondary structures in proteins, of which one is 

called α helix, and the other one is called β sheet. 

1.1.2.1. α helix 

α helix is one of the basic types of secondary structure of protein. The 

polypeptide chain forms a spiral formation and the amino acids are arranged 

in a right-handed helical structure. Typically, there are the so called Pauling–

Corey–Branson alpha helix helices, in which the N-H group of an amino acid 

forms a hydrogen bond 

with the C=O group of the 

amino acid four residues 

earlier, corresponding to  

the repeated i+4  i 

hydrogen bonds. Similarly, 

there are also 310  helices 

and π helices, which have 

repeated i+3  i and i+5 

 i hydrogen bonds 

respectively. 

Figure 1.5 – 3D α helix 
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1.1.2.2. β sheet 

The other type of protein secondary structure is β sheet, which is also 

the one we are special interested in. Instead of being built by the continuous 

region of the polypeptide chain as α helix, β sheets are constructed by the 

different discontinuous regions of the amino acid sequence. These regions of 

the polypeptide are called β strands. The extended β strands are aligned 

adjacent to each other, either in a parallel or in an antiparallel way depending 

on whether the strands run in the same biochemical direction. If two contacted 

pair of strands on β sheet both ran from amino terminal to carboxyl terminal, 

they are described as parallel, otherwise, they are antiparallel. A β sheet can be 

purely parallel, antiparallel, or mixed with parallel and antiparallel sheets 

(Figure 1.6). 
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Figure 1.6 – β sheets: (a) parallel β sheet; (b) antiparallel β sheet; (c) β 

sheet with parallel strands and antiparallel strands 

Amino acid residues in protein β sheet align in the square lattices like 

planes regularly, with the side chains point up and down towards the plane 

alternatively. Side chains of partner residues on adjacent β strands always 
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direct to the same side of the sheet plane. Partner β strands are connected by 

hydrogen bonds between NH groups and C=O groups. Different hydrogen bond 

patterns exist in parallel β sheets and antiparallel β sheets due to different 

directions of the polypeptide chain. 

1.2. A brief review of free energy in statistical mechanics 

In statistical mechanics, for a system taking discrete values of energy, 

we have the partition function: 

  ∑     

 

 

Equation 1.1 – Partition function 

Where β  
 

  
 , in which   is the Blotzmann’s constant,   is the absolute 

temperature, and    is the energy of the system in state  . The summation takes 

over all the possible microscopic states     of the system. 

The probability distribution of state   in equilibrium is characterized by: 

   
     

 
 

Equation 1.2 – Probability distribution function 
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Therefore, if all the energies of the states     are obtained, the 

probalility distribution of each state can be calculated. 

The equation for the entropy is expressed by: 

    (
    

  
)
   

      

Equation 1.3 – Entropy 

Therefore, the Helmholtz free energy of the system should be: 

 (   )              

Equation 1.4 – Partition function 

Thus, we get the expression of free energy for a system, which is 

represented by the partition function. In statistical potential function 

derivations, we will approximate the free energy as the total energy and this 

will be discussed later. 
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Chapter 2 

Statistical Potential 

Protein structure prediction theories and methods are based on the 

assumption that the native structure has the lowest free energy among all the 

possible conformations of an amino acid sequence[2]. Therefore, designing an 

effective and sensitive scoring function is essential, both for protein structural 

modeling and assessment. Consequently, two types of potential functions are 

brought forward: physics based potential functions and knowledge based 

potential functions. The physics based potential functions are derived from the 

fundamental physics laws while the knowledge based potential functions are 

statistically calculated from the experimentally solved protein structures, 

which provide database to predict the unknown structures. Therefore, it has 

another name: statistical potential function.  

Physics based Potentials, such as Molecular Dynamics (MD) simulation 

force fields are developed based on the analysis of forces between atoms in the 
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proteins as well as the solvent. In principle, they can be derived from the 

fundamental physical principles, which makes them more physics favorable. 

Through the atomic description of the interaction between the atoms, the force 

fields have contributed significance to large protein complex simulations. 

However, this kind of simulation has a high demanding on computing resource, 

and its performance is limited when the system becomes even larger.  

While physical-based potentials have limitations on protein structure 

simulation and recognition, the statistical potential functions perform very 

well on protein structure prediction problems in many aspects. It is based on 

the assumption that a low-energy state usually correspond to a high frequency 

to be observed. This is actually the essential point of Boltzmann's principle, 

which is expressed in Equation 1.2. The much lower requirement for the 

performance of computers also makes knowledge based potentials widely 

recognized and deeply studied. The statistical potential we are discussing 

about here is actually the potential of mean force (PMF)[3], which we will 

discuss in details later. Following the idea, encouraging studies of knowledge-

based potentials have been developing for decades. Nice works have been done 

both on atomic level potential functions[4-9] and coarse grained potential 

functions[10-13]. Also, comprehensive reviews[3, 14-18] can be found in 

literatures. 
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2.1. Construction of statistical potential functions 

The original idea of PMFs we are interested in here was firstly proposed 

by Sippl in 1990[3, 11]. In the protein structure prediction problems, we use 

the potentials obtained by this method as the “free energy”. Strictly speaking, 

this is not a rigid Boltzmann distribution analysis, but it is valid under the 

reasonable approximations. 

By replacing the energy in Boltzmann distribution by free energy, we 

can get: 

 ( )  
    ( )

 
 

Equation 2.1 – Probalility distribution function 

Where   is the parameter(s) to describe characteristics of the system, 

and   is the partition function which is described as: 

  ∑    ( )

 

 

Equation 2.2 – Partition function 

In reverse, we can get the expression of the free energy of a particular 

state in terms of the corresponding probability and the partition function, 

which is as bellowing: 
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 ( )      ( )        

Equation 2.3 – Free energy 

Therefore, we can get the free energy if we know the distribution of 

each state of the system. 

To construct a PMF, we introduce a reference state with a distribution 

   and partition function   , the PMF we are caring about is actually the free 

energy difference between the state we are studying and the reference state: 

  ( )       
 ( )

  ( )
     

 

  
 

Equation 2.4(a) – Free energy difference between the observed state and 

the reference state. 

Since the partition function is a constant for a system and it does not 

dependent on the parameter(s), the second term of Equation 2.4(a) is zero, so 

we get: 

  ( )       
 ( )

  ( )
 

Equation 2.4(b) – Free energy difference between the observed state and 

the reference state. 
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So far, we get the general form of knowledge-based potential function, 

which is shown as Equation 2.4(b). 

In protein structural prediction problems, we usually calculate the 

probability of a specific state by counting its appearing frequency. As a result, 

we usually use  ( ) instead of  ( ) in statistical potential developments and 

tests. Given this, it is nature to rewrite Equation 2.4(b) as: 

 ( )       
  ( )

  ( )
 

Equation 2.5 – Free energy difference between the observed state and the 

reference state. 

In which    is the count of the observed states, and    is the count of 

the reference states. We use   instead of   here for convenience and 

consistence with the following contents. 

2.2. Types of statistical potential functions 

The parameters of the potential functions are various, therefore, we can 

have different types of statistical potentials. 

From the types of the study objects, we have the course-grained 

potential functions, which group the atoms relate tightly into one objects, thus 

reduce the computation quantities and accelerate the calculation. Atomic 

potential, in contrast to the former one, have a detailed description about the 
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atomic level interactions, which is usually about the pair interactions between 

the atoms.  

From the parameter types, we also can divide the potential functions as 

residue-based potentials, which use a residue as one unit. The advantage of 

this type of potential functions is that they can just use the sequence 

information of the polypeptide chain, instead of the coordinate information. 

However, the disadvantage is that such limited information usually can hardly 

guarantee the potential functions to have good enough performances. Also, 

there are a large proportion of distance-dependent potential functions, which, 

in the contrast, utilized the coordinates of the heavy atoms in the structures, in 

order to get a better ability in structure recognition. To get a balance of the 

position requirements and accuracy of the potentials, people also designed the 

Ca based potentials[19, 20]. To be mentioned, the side-chain orientation 

dependent potentials[7-9], with its efficiency and high quality performance on 

decoy tests, has been a main stream of the potential functions in recent years. 

2.3. Features of statistical potential functions 

The main purpose of the knowledge-based potential functions is to have 

structure recognitions. Deriving from the principle of statistical mechanics, the 

native structure should have the lowest energy among all the conformations. 

Therefore, a good potential function should have the ability to select the native 

structure from a pile of decoys, according to the value of the energy. So we use 
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top 1 to evaluate the potential functions, meaning the energy of native 

structure ranks top 1 among all the relevant structures. Given that in most 

cases, we need to check thousands of decoys, a small pool of selection has been 

already a great help, people also use top 5, top 10 or top 25 to check the ability 

of the potential functions.  

Moreover, the better the potential function is, the stronger the ability it 

has to make distinguish between the native structure and the decoys. Hence, to 

be quantitative, people use the z-score to evaluate the potential functions: 

  
        〈  〉

 
 

Equation 2.6 – Definition of Z-score  

In which 〈  〉 is the average value of energy of the decoy structures, and 

obviously,         is the energy of the native structure, and σ is the derivation 

value of energies of all the structures. 

Although the essential characteristic of a good potential is its ability to 

recognize the native structure, for distance-dependent potentials, the 

correlation of energy score with model quality is also an important factor. For 

this case, TM-score[21] is most widely used in potential designs. 
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Chapter 3 

Potential for β-Sheets Prediction 

In protein structure prediction problems, a fundamental problem is the 

β-sheets structure prediction. Though in almost 85% of experimentally 

determined proteins have β-sheets component and 15% of these entirely 

consist of β structures[22], limited methods have been found to reveal the 

architecture and organization of their folding process. In this chapter, we 

present a novel statistical potential: OPUS-Beta, for protein β-sheets prediction. 

3.1. Motivation 

Molecular dynamics simulation usually is hard to deal with β-sheets 

because of long-range interactions between the residues in different regions of 

the polypeptide chain. On the other hand, potential functions based on the 

analysis β-strand residue contact preferences have been developed for this 

problem. Hubbard[23] proposed the β-strand interaction pseudo-potential by 

scoring the interactions of  inter-strands residue pairs (i,j) and the adjacent 
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residue pairs (i,j±1), (i,j±2) from 375 protein chains. In his study, 4 classes of 

hydrogen bond patterns were divided such that pairs of parallel and 

antiparallel β-strands and their hydrogen bonds arrangement can be 

distinguished. Hutchinson et al. [24] presented detailed analysis of β-residue 

pair contact preference in antiparallel β-sheets of proteins, according to the 

hydrogen bond patterns in the antiparallel bridges. Zhu and Braun[25] derived 

the pairwise contact map from the frequency of residue pairs in nearest, 

second and third contacts across neighboring β-strands, i.e. (i-2…i+2; j-2…j+2), 

corresponding the zero, first and second order of the pseudo potential function. 

169 nonredundant protein structures were used and it did not seek the 

possibility to differentiate the topology, i.e. parallel or antiparallel of the 

interacting β-strands. Steward and Thornton[26] proposed the potential 

function with an intrinsic as well as a new interaction score, which was refined 

from 1093 nonredundant protein chains. Wu et al. [20] stated the OPUS-Ca 

potential containing a packing term in which there is an energy term specially 

designed for β-sheet structures.  In addition, other computational methods[27, 

28] are also brought forward for β-residue contact and β-sheet topology 

predictions.  

Impressive achievements the methods revealed, more accurate 

methods to predict both β-residue parings and β-strands arrangements are 

under discovering, which could be crucial for further protein tertiary structure 

recognition and assembling. In this paper, we present a novel designed 

statistical potential (OPUS-Beta) for protein β-sheets prediction. Three kinds of 
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energy terms i.e. the self-packing term, the pair-interacting term and the lattice 

term are included in OPUS-Beta. The number of hydrogen bonds in β-sheets is 

also considered as a potential component as a global penalty of the potential 

function. We applied OPUS-Beta on β-strands contact and topology recognition 

as well as β-residue contact arrangement. Computational tests show that the 

new statistical potential has an outstanding performance on native structure 

recognition (about 5% and 27% improvements in top 1 and top 5 selections) 

from decoys that produced through slightly β-residue contact movements and 

topology rearrangements, comparing to the β-sheet specific potentials in 

literature. In addition, there are about 4% and 23% improvements on selecting 

decoys made from exchanging the β-strands in a β-sheet. We hope this new 

potential contributes on improving the prediction of β-strand arrangement 

and registration for β proteins. 

3.2. Methods 

3.2.1. Data 

We first constructed a structure library for non-homologous beta 

proteins, in which a native structure database extracted from the PISCES 

server[29] was employed. The percentage identity cutoff, resolution cutoff and 

R-factor cutoff are 25%, 2.0 Å and 0.3 respectively. The structures not 

determined by X-ray were excluded. In addition, the Dictionary of Protein 

Secondary Structure (DSSP)[30] is used to assign second structures for the 
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culled chains. We only keep the protein structures with more than 25% β-

residues in the database. Consistence between the PDB database and the DSSP 

database[31] was checked. The β-residue partner consistence for each selected 

structure is also examined, which means the proteins in DSSP database that 

has the β-residue whose partner’s paired residue is not itself were removed. 

30 structures containing more than 40% β-residues from the selected dataset 

are extracted for potential function weights optimization, and other 100 

structures with more than 40% β-residues and 8 to 14 β-strands are randomly 

moved out for decoy making and potential function tests. At last, we have 1205 

native structures as the training set. 

3.2.2. Potential function construction 

Considering the hydrogen bond patterns, the novel statistical potential 

is mainly consisted by four kinds of energy terms:  a self-packing term, two 

pair interaction terms, a hydrogen-bond term and a lattice term: 

        ∑      (     )              ∑            (         )   

            ∑            (         )           ∑         (           )     

                

Equation 3.1 – New statistical potential for protein β-sheet prediction. 

The w’s are the weights for the corresponding energy terms. 
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We also make a simple combination of OPUS-Beta and pseudoenergy for 

β-strand alignment in 2D-RNN architecture[28] due to its outstanding 

performance and widely recognition in recent years[32-34], thus get the 

combined statistical potential: 

                

Equation 3.2 – Combined potential for protein β-sheet prediction                                  

3.2.2.1. Self-packing term 

The self-packing term depends on the residue’s position in a β-sheet. 

We take the individual β-residue’s connection with its neighbors into 

consideration and get the formula as below: 

     (     )         (
    (     )

〈    (     )〉  

) 

Equation 3.3 – Self-packing energy term 

Where      is the number of counts from the structural database. 

〈    (     )〉  
 is the reference state, which is the average value of  observe 

counts over all possible residue types   .  The state    in sheet lattice is 

determined by the topologies of neighbor β-strands. Hence, there are a total of 

5 states for   : one anti-parallel partner, one parallel partner, two anti-parallel 

partners, two parallel partners and two partners includes one anti-parallel 
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partner and one parallel partner (Figure 3.1). Given that we have 20 kinds of 

amino acids, we have          different states for the self-packing energy. 

 

Figure 3.1 – 5 different types for self-packing energy counting 

3.2.2.2. Pair term 

Due to different interaction strengths, we consider the inter strand 

residue pairs and intra strand residue pairs separately: 

Inter Strand Pair: 

           (         )         (

    (         )∑     (         )
     

∑     (         )
  

∑     (         )
  

)      

Equation 3.4 – Inter strand pair energy term 

Intra Strand Pair: 

           (         )         (
    (         )

〈    (         )〉     

) 
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Equation 3.5 – Intra strand pair energy term 

We schematically adopt the inter strands pair patterns as Wu, etc.[20]. 

Residue pairs (     ) are included in the statistical and energy calculation only 

when their relative position allows side-chain packing interaction. The relative 

position     of the two residues in the sheet lattice is categorized into 7 types 

for cross-strand partners and 2 types for intra strand (Figure 3.2).  

For the inter strand pairs, there are 4 different kinds of pairs for 

antiparallel strands and 3 different kinds of pairs for parallel strands. Here we 

take a consideration of the direction of the strands, which means for the 

parallel case, we regard it as an asymmetric structure, in other words, the pairs 

of aB and Ab are classified into two different pair types due to the difference of 

the order of the hydrogen bonds. For the intra strand pairs, we take the side 

chain interaction as the first consideration. Since the side chains within a β-

strand point up and down towards the β sheet plane alternatively, only the 

next nearest neighbor residues within the same strand are taken into account. 

In addition, we classify the pairs as the one with hydrogen bonds and the other 

one without hydrogen bonds, for example, ab  and AB in antiparallel β-strands. 

An improved hydrogen bond selection criteria[35] is applied to 

determine the hydrogen bonds between the residues during the analysis of the 

database. 
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Figure 3.2 – Pair interactions of the residue pairs in β sheets 

3.2.2.3. Hydrogen-bond term 

The hydrogen-bond term is set to be proportional to the number of 

hydrogen bonds in the β-sheets. This energy term sets a balance between the 

number of the β-residues and the total energy for a structure. 

                   

Equation 3.6 – Hyrogen-bond term 

3.2.2.4. Lattice term 

The lattice term describes the general geometric picture of β-sheet 

structures. It involves the four residues in a square unit of the β-lattice, for 

example, (i-1,j+1,i+1,j-1) in Figure 3.2(a). Again, we take the side chain 
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interaction into consideration and only the next nearest neighbors are counted. 

The lattice term sets a global topology regulation of the β-sheets. 

     (           )         (
    (           )

〈    (           )〉       

)         

Equation 3.7 – Lattice energy term 

3.2.2.5. 2D-RNN term 

As we mentioned before, this energy term is derived from the contact 

map produced by the 2D recursive neural network method. It is defined by: 

       (   )        (   ) 

Equation 3.8 – 2D-RNN energy term 

Considering the size differences of the different protein structures, it is 

more reasonable to use the average value of this energy term in real 

calculations[32, 33]. Therefore, we make the energy term as below to have a 

fair combination with OPUS-Beta since the energy terms of OPUS-Beta are 

made from simple summations: 

         〈       (   )〉   

Equation 3.9 – 2D-RNN energy term 
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In which Υ is a constant with an estimated value of 50 in our studies, 

corresponding to the estimated average number of β-residue pairs in 

structures with 8 to 14 β-strands. 

3.3. Results 

3.3.1. Weights Optimization 

30 protein structures with more than 40% β-residues are selected 

randomly from the PDB database to optimize the weights of different energy 

terms via Monte Carlo sampling method. The PDB codes of these proteins are: 

1k5n, 1o7i, 2ag4, 1lo7, 2zhp, 2wj5, 3bn0, 4gs3, 2gr8, 1nnx, 1itv, 1f00, 3cu9, 

4h14, 1i4u, 1x8q, 4gai, 3pqh, 1pfb, 4h4n, 1d2s, 3zsj, 4hat, 1gwm, 3aeh, 3qs2, 

1kqr, 2x4j, 1lyq, 2a15. 

We only optimized the weights in OPUS-Beta potential. In each 

optimizing step, the weight for the self-packing term is fixed as 1.00, and we 

only allow the weights of each energy term change by -0.25 to 0.25.  After 800 

cycles, the top1 and top5 selection of OPUS-Beta changed from 0, 1 to 0, 6, and 

the optimized weights are as below: 

          ;                  ;                  ;               ; 

           ; 

The decoy sets used in this optimization process are constructed by 

moving the contacted β-strands and changing their topologies as well as 
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exchange the position of two different β-strands, which will be introduced in 

details later.  

3.3.2. Self-packing information 

Whereas lots of attention has been paid to residue pair distributions for 

different amino acid types [23, 24, 26, 36, 37], notable different proportions of 

the number of single residues in β-sheets  involving in different circumstances 

provide valuable information for statistical methods in protein structure 

prediction. 

 

Figure 3.3 – Different states of self-packing energy term 
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As one can see, the values of the self-packing energy term indicate 

different preferences of amino acids for the five distinguished packing patterns 

(Figure 3.3).  Whereas most of the amino acids with hydrophobic sidechains, 

such as VAL, LEU and ILE are favored by β-sheet structure, the amino acids like 

TRP, MET etc., despite they are also hydrophobic, are the disfavored β-residues. 

An extreme case applies to PRO because it only exits along the edge strands 

and never appears to pair with two partners synchronously. In other word, it is 

accepted only within the first two self-packing patterns and the values of the 

self-packing energy terms are extremely large for the other three patterns. 

This agrees the fact the side chain of PRO determines it cannot be a donor in 

forming hydrogen bond with other residues.  It is also seen that Pattern C (blue) 

and B (Red) are usually at the two ends of the spectrum for the individual 

amino acid types. To be more specific, pattern B dominates the bottoms and 

pattern C dominates the tops for the majorities, which indicates antiparallel 

pattern is more favored by the β-sheets edges whereas central strand with two 

parallel partners are disfavored. This result, once again, in accordance with the 

fact that antiparallel strands are the dominant interaction pattern in β-sheets 

[38].  

3.3.3. Native structure recognition from decoys 

The decoys in the first test are made from native structures by sliding 

the contacted strands up and down towards. It also includes the decoys made 

from changing the topology of contacted strands, Figure 3.4(a) and 3.4(b).  
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Figure 3.4 – Illustration of making the decoy set I 

For each decoy, we only change the topology and contacts on one β-

strand. By the changes, the decoy structure is actually very close to the native 

structure, therefore, it requires the potential functions have a high ability to 

distinguish the native structure and decoys. 

 
Figure 3.5 – The performances of different potentials on native structure 

recongnition from decoy set I 
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Figure 3.5 shows the performances of different potentials on native 

structure recognition from. OPUS-Beta is the new potential function derived as 

the methods part shows. The 2D-NRR potential is derived from the contact 

map produced by 2D-RNN method. Threshold of 8 Å is used due to its superior 

performance over 12 Å version. The RANDOM provides the results ranked by 

random selections, as a compare to the results produced by the different 

potential functions. 

As we can see from Figure 3.5, for the top1 structure selection, OPUS-

Beta has the ability to pick 7 out of 100 native structures from the decoys, and 

2D-RNN potential can pick out 6, comparing to the random successful selection, 

2. When it comes to the top 5 selection, OPUS-Beta and 2D-NRR potential 

picked out 46 and 28 proteins respectively, i.e., OPUS-Beta picked 18 out 100 

proteins more than 2D-NRR potential. A notable result is that when combing 

OPUS-Beta and 2D-NRR potential together, the combined potential has a much 

better ability to pick out the native structure, both in the manner of top 1 and 

top 5 tests (5% and 23% improvements comparing to 2D-RNN potential 

energy respectively). This means OPUS-Beta is orthogonal to the 2D-RNN β 

potential so that an illustrious performance can be represented by the 

combined potential. 

Tests are also made on decoys coming from exchanging the strands 

contact between different strand pairs. The illustration of how to make the 

decoys is shown in Figure 3.6. 
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Figure 3.6 – Illustration of making the decoy set II 

 

Figure 3.7 – The performances of different potentials on native structure 

recongnition from decoys set II 

Figure 3.7 shows the results of this test. Obviously, OPUS-Beta has a 

comparable performance with 2D-RNN potential in this test, with about 1 and 
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27 correct selections in top1 and top 5 manners, comparing to the 1 and 10 

randomly selections. However, the combined potential, once again, 

substantially outperforms both of the single potential functions, with 4% and 

23% improvements respectively. 

 
Figure 3.8 – The performances of different potentials on native structure 

recongnition from decoys set I and set II 

Tests also Tests also made on the decoys with set I and set II illustrated 

above. And we get the results as Figure 3.8. No obvious difference is observed 

of the performance between OPUS-Beta and 2D-RNN, whose correctly 

selections are both about the same level of random selection in top1 and 9 in 

top 5. However, not surprisingly, the combined potential function has an 

overall superior performance, with 3 and 21 out of 100 correct selections in 

top1 and top 5 manners, which is 2% and 12% better than the single potential 

functions. 
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3.3.4. Effects of OPUS-Beta and 2D-RNN potential in the combined 

potential 

The combined potential with OPUS-Beta and 2D-RNN potential shows a 

much more tremendous performance in native structure recognition from 

decoys. To have an inspection about the effects of the two separated potentials 

in the combined one, we examined the performance of the combined potential 

with different weights assigned to OPUS-Beta and 2D-RNN potential. Instead of 

investigate the individual energy terms of OPUS-Beta, we consider it as an 

entirety in this test. 

Figure 3.9 shows that when the weight of OPUS-Beta ranges from 0.0 to 

3.0, the number of native structures recognized by the combined potential 

increases at the beginning. After reaching a peak value, the number of correctly 

picked out structures become less, both in the top1 and top5 manners. When 

the weight            is around the value of 1.0, the combined potential has 

the best performance, where the number of structures ranked top1 is 3 and 

top 5 is 21. Similar variation applies to the weight of 2D-RNN potential, and 

when         is around the value of 1.0, the combined potential shows the 

most effective performance, corresponding to 3 and 21 selected structures 

ranked top 1 and top 5. The curve trend indicates both the less and larger 

value of weights will result worse performance. The similar ratio of the 

weights for the two potential functions shows that they are of equal 

importance in the combined potential function.  
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Figure 3.9 – Effects of OPUS-Beta and 2D-RNN potential 

The results tested on the new set of structures, in addition, verified the 

significance of the combination of the two different potential functions in 

addition. The mutual promotion between OPUS-Beta and 2D-RNN potential, 

combing with effective sampling methods, should be of notable value in 

protein β-sheets structure predictions. 

3.3.5. Effects of different energy terms in OPUS-Beta 

Investigations are also made about the effects of different energy terms 

in OPUS-Beta. Figure 3.10 shows the changes of the decoy recognition ability of 

OPUS-Beta along the change of the weights of each energy term separately.  
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   Figure 3.10 – Effects of different 

energy terms in OPUS-Beta 

 

Among all of the energy terms, inter-pair interactions are of most 

importance, because the curve of this term changed more than others. 

However, the overall tendencies of all the curves are the same, i.e., there is a 

peak value which is corresponding to the optimized value of the energy weight. 

The results, in reverse, verified the weights optimization process. 
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3.4. Conclusions 

We developed a novel statistical potential (OPUS-Beta) modeling 

protein β topology and residue alignments. To meet the needs of protein 

structure predictions from amino acid sequence, only the amino acid type 

information is used in this potential function, instead of any coordinates of 

atom positions. Since establishing a sensitive and effective statistical potential 

based only on amino acid type is far more than difficult, we made full use of the 

structural and topology characteristics of protein β-sheets, which can be 

produced by proper sampling methods such as graph theory on the basis of 

amino acid sequence. The β-sheet structural features include self-packing 

pattern, residue pair interactions, hydrogen bond arrangement, as well as 

amino acid group alignments, corresponding to the self-packing term, pair 

interaction term, hydrogen bond term, and lattice term respectively are fully 

considered in the potential function assembling. 

A nontrivial problem in statistical potential construction is the 

assignment of weights to different energy terms[39]. In our potential design, 

weights optimization is processed by Mote Carlo sampling method to balance 

the effects of different energy terms. Among all the energy terms, the inter 

strand pair interaction term plays the most significant role, followed by the 

self-packing term. In addition, the pairwise pseudoenegy produced by 2D-RNN 

method, which can be also derived from the one dimensional sequence, is 

combined with OPUS-Beta, in a 1:1 ratio manner.  
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Tests on native structure recognition from decoys show OPUS-Beta 

outperforms 2D-RNN potential in some specific cases, and is comparable with 

the later one in other aspects. A notable and encouraging enhanced 

performance (about 4% and 23% improvements) is observed for the combined 

potential function. The promotion effect proves the novel statistical potential 

function provides a new tool and an effective way to model protein β 

structures. We will develop a sampling method and apply OPUS-Beta in it for 

3D protein β-sheets prediction only depending on amino acid sequences. 
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