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NOMENCLATURE 

 

 

CONFOLD: ab initio protein folding method. 

 

CASP 12: Protein datasets. 

 

CNS: Crystallography and NMR System. 

 

MSA: Multiple sequence alignments. 

 

APC: Average product correction. 
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ABSTRACT 

CONFOLD is an ab initio protein folding method that can build three-dimensional 

models using predicted contacts and secondary structures. Under this method, we can 

translate contact distance map and secondary structure into the distance, dihedral angle, 

and hydrogen bond restraints according to a set of new conversion rules, and then using 

this information as input to build structure models.  

To improve this method, we added some new features to CONFOLD, such as disulfide 

bond information, Beta contact prediction, and contacts distance multi-threshold. 

CONFOLD New Version allows using disulfide bond information and Beta strands 

prediction as input so that the Crystallography and NMR System can get the information 

directly, improving the accuracy and efficiency in some specific cases. And it can exclude 

some low probability residues contact information by setting multi-thresholds. I tested 

this method based on CASP 12 datasets, and results show that it can improve the 

efficiency of the program while keeping the TM-score.
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Chapter 1 Introduction 

 

CONFOLD is a method that can predict new protein folds using contact-guided protein 

modeling [1]. It accepts contacts distance map, secondary structure information as input 

to build three-dimensional models. When the predicted contacts are accurate, the 

CONFOLD method can generate high-quality tertiary structures. It reconstructs models 

from predicted contacts based on the Crystallography & NMR System (CNS), which is a 

method designed for building models from Nuclear Magnetic Resonance (NMR) 

experimental data. 

There are some other tools, such as IMP [4] and Tinker, that can use different kinds of 

contact distance restraints to build models, but in some specific cases, these tools have 

some particular limitations. For example, they cannot reduce the low probability contacts 

from the distance map. Even the Modeller, which is used widely for reconstruction, 

cannot work on template-free modeling.  

CONFOLD designed two stages to overcome these disadvantages. In stage one, it can use 

contacts distance and secondary structure information to reconstruct protein models, then 

filter out the information that does not match the conversion rules to ensure high quality. 
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In stage two, it takes updated distance restraints and secondary structure as input to 

generate models using CNS suite [6], and select the best model for evaluation. 

In this research, we added some new features into CONFOLD, included disulfide bond 

information, beta contacts prediction, and multi-threshold contacts probability. 

Disulfide bonds in protein can be found in both bacteria and eukaryotes. We choose to 

use DIpro2 to predict disulfide bonds based on a 2D recurrent neural network. And the 

beta contact prediction can be completed by bbcontacts, which is used for the prediction 

of β-strand pairing from direct coupling patterns. 
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Chapter 2 Crystallography & NMR System 

 

2.1 Background. 

Crystallography & NMR System (CNS) is designed to provide a flexible multi-level 

hierarchical approach for the most commonly used algorithm in macromolecular structure 

determination. The CONFOLD is built based on this system. 

The CNS can build models from Nuclear Magnetic Resonance experimental data and 

reconstruct protein models from predicted contacts. In this research, our first step is to get 

familiar with the CNS, knowing how it gets the distance restraints between atoms — and 

then adding the desired new features on CONFOLD. 

There are three CNS files used in CONFOLD to reconstruct the protein models: 

“gesq.inp”, “extn.inp”, “dgsa.inp”. 

• Gesq.inp: Generate structure file for protein from sequence 

information only. 

• Extn.inp: Generate an extended strand with ideal geometry for rach 

connected polymer.  

• Dgsa.inp: Distance geometry with simulated annealing 

regularization starting from extended strand. 
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And in the “extn.inp”, the molecular structure cannot include any closed loops except 

disulfide bonds. Because disulfide bonds can be automatically excluded from the 

generation of the strand conformation. This file is a CNS macro for generating extended 

polypeptide chains as starting structures for our calculations. 

 

Figure2.1: The interactive mode of CNS. 

 

CNS can run in two modes: interactive mode or non-interactive mode. Figure 2.1 shows 

the interactive way, and in this mode, we can see all the output of the program, and you 

can exit the system by typing “stop” or “return” at the CNS solve prompt. 
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Figure2.2: Process of CONFOLD. 

 

The CONFOLD is built based on the CNS system. The input files are secondary structure 

files and contact RR files. It can translate the secondary structure file using derived 

restraints and generate the dihedral and hydrogen bond restraints information, and then 

select top-xL contacts from contacts RR file and create the contact distance restraints. 

Using those two restraints, it can build 20 models using the CNS suite. And selecting best 

models, filtering unsatisfied contacts, and detecting beta-strands. Finally, we can get the 

best model for evaluation. 
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2.2 Relationship between new features and CNS. 

In this research, one of our goals is to enable CONFOLD to identify the disulfide bonds 

prediction and β-sheet contacts prediction. From the introduction, we know that the 

“gesq.inp” file is used to generate structure file for protein from sequence information 

only, so it is a CNS macro for creating a molecular topology file for our molecules. 

In this file we can define a disulfide bond between cysteine residues in protein or between 

protein segments, and it includes the hydrogen flag, which determines whether the 

hydrogens will be retained. 

 

Figure2.3: The hydrogen flag in CNS. 

 

In the “dgsa.inp” file, there are also some crucial parameters. 
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Figure2.4: Molecular structure file in CNS. 

Figure 2.4 shows the structure file and input coordinate file required by CNS. The 

structure file is “extended.mtf” which contains the information describing the topology of 

the molecule. And the molecular topology file cannot be edited manually. The coordinate 

input file is “extended.pdb” which contains the atomic coordinates in PDB type format.  

 

 

Figure2.5: The atom selection in CNS. 
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Figure 2.5 shows how to define the atom selection in CNS. Atom selection identifying the 

“backbone” atoms for average structure generation. For the protein molecules, the format 

is: 

(𝑛𝑎𝑚𝑒   𝑛   𝑜𝑟   𝑛𝑎𝑚𝑒   𝑐𝑎   𝑜𝑟   𝑛𝑎𝑚𝑒   𝑐) 

After the atom selection, CONFOLD needs to read the information from the contacts 

restraints RR file and exclude the unsatisfied pairs. Then generating the generic restraints 

which are required by the next step. 

 

 

Figure2.6: CONFOLD generates generic restraints. 

 

In the code, it will identify the strands that are not used for pairing and generate generic 

restraints for them. 
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Figure2.7: CONFOLD in the CNS system. 

 

The CONFOLD using CNS solve to reconstruct the model based on three functions. 

Generation of the molecular topology, generation of the initial extended coordinates, and 

distance geometry simulated annealing. 
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Figure2.8: Generation of the molecular topology. 

The molecular topology information [11] must be first generated for the structure - this 

contains the information about molecular connectivity. This information is then be used 

in the next step to create extended conformation. 

 

 

Figure2.9: Generation of the initially extended coordinates. 
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Because the structure calculation needs a starting model, so the next step is for the 

starting model. It provides proper local geometry but contains no information about the 

fold of the structure. 

 

 

Figure2.10: Distance geometry simulated annealing. 

And the last one is for distance geometry simulated annealing. Here a structure is 

calculated using experimentally measured interproton distance estimates, hydrogen 

bonds, and coupling-constant-derived dihedral angle restraints. 
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Figure2.11: Five structures after simulated annealing refinement. 

 

After simulated annealing refinement, a summary of the structure calculation is written at 

the top of each output PDB file. The information about violations can be used to select 

acceptable structures. 

 

2.2 Preparing work. 
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Before we start our work, we need to promise that the dssp-2.0.4 linux kernel [7] exists. 

The DSSP algorithm is the standard method for assigning secondary structure to the 

amino acids of a protein, given the atomic-resolution coordinates of the protein. 

It can identify the intra-backbone hydrogen bonds of the protein using a purely 

electrostatic definition. A hydrogen bond is identified as: 

 

E =   0.084 {
1

𝑟𝑂𝑁
 +  

1

𝑟𝐶𝐻
−  

1

𝑟𝑂𝐻
−   

1

𝑟𝐶𝑁
}  ∗   332 𝑘𝑐𝑎𝑙/𝑚𝑜𝑙 

 

After installing the dssp kernel, we need to determine the usage of our system. In this 

version, we required four different inputs: predicted contacts in CASP RR format [14], 

predicted secondary structure file, predicted beta-sheet contacts file, and predicted 

disulfide bond information file. 
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Figure2.12: CONFOLD new version usage. 

Under this usage, we can run the system and test our results based on the CASP 12 

dataset. 
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Chapter 3 Disulfide Bonds 

 

3.1 Background 

Disulfide bonds are relatively stable covalent bonds and are usually responsible for 

stabilizing tertiary structures of proteins. In biochemistry, the disulfide bond is used to 

describe the terminology R-S-S-R connectivity [15]. The most common way of creating 

this bond is by oxidation of sulfhydryl groups. The length of the disulfide bond is 2.05 Å, 

and the dissociation energy of a disulfide bond is 60 kcal/mole. We choose to use DIpro2 

[2], the disulfide bond prediction tools to get the information. And processing this result 

as input, to modify the Generate Structure file of CNS solve. 

 

Figure3.1: Two cysteine residues linked by a disulfide bond to form cystine. 
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3.2 Disulfide bonds information. 

CONFOLD using CNS solve to reconstruct protein models, and the CNS system required 

the molecular topology information must be first generated. It means that the disulfide 

bond information must be prepared in the first stage of CONFOLD. 

According to the CNS system, it can automatically detect the disulfide bonds based on the 

distance between the sulfur atoms, which are less than 3Å. But if we want to pursue more 

reliable results, the molecular topology file should be modified as input changes. 

 

Figure3.2: The disulfide bonds in protein 1a4g. 

DIpro2 is a cysteine disulfide bond predictor, and it can predict if the sequence has 

disulfide bonds or not and predict the bonding state of each cysteine and the bonded pairs. 
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What we need from the prediction is the total number of cysteines in sequence and the 

positions of cysteines, which are predicted to form disulfide bonds. 

 

 

Figure3.3: Prediction of the disulfide bonds based on DIpro2. 

 

Figure 3.3 shows the format of DIpro2 Prediction. In this file, there two crucial pieces of 

information that can be used in the next step. The first one is the predicted number of 

bonds. Based on this number, we can determine how many inputs we need to write into 

CNS. And the second one is the cysteines’ position, which is required by the CNS system 

to build the disulfide bonds. 
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3.3 Processing of disulfide bonds information. 

The prediction of disulfide bond information cannot be used directly, and we developed 

two subfunctions to process the result file. First, recognizing if the sequence contains 

disulfide bonds. If the number of disulfide pairs is more than one, we can read the 

position of the cysteine into hash. Then we need to check the distance between the two 

cysteines. If there are no disulfide bonds in the sequence, we will generate a list of which 

flag is “false”, the position of cysteines is 0, and the confirmed cysteines will be written 

into the list. After generating a list of disulfide bonds information, we need to modify the 

“gesq.inp” file for creating a molecular topology. The CNS system is divided into two 

segments, with segment identifiers “A” and “B”.  
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Figure3.4: Processing of disulfide bond information. 

 

Running with the “gesq.inp” file, CNS can generate a molecular topology file named 

“trx.mtf”. It can record the two protein molecules connected by a disulfide bond. In this 

file, the first information we can see is information concerning the identity of each atom 

and atomic charge and mass. Next, we can still see in this system how each atom is 

connected to other atoms. 
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Figure3.5: The disulfide bonds part in the CNS system. 

Figure 3.5 shows the interface of the disulfide bonds part in the CNS system. In the first 

column, there is a flag specifying whether a disulfide bond should be created between the 

specified residues. And we can set the flag to true or false. If true, we need to fill in the 

columns “resid CYS” and “segid CYS”. The “resid CYS” is the number specifying the 

residue for cysteine in a disulfide bond, and the “segid CYS” is the string specifying the 

segment identifier for cysteine in a disulfide bond. 

 

3.4 Comparing with original methods. 

In CNS solve, the molecular topology information must be first generated for the 

structure. Because this information is then be used in the next step to create starting 

coordinates (extended PDB). CONFOLD Version 2 cannot get the information of 

cysteine residues from disulfide bonds. It selects two pairs of cysteines and never 



 

- 21 - 

 

changes. In the new version, we can improve our accuracy with DIpro2’s prediction and 

make full use of the functions provided by CNS solve. 

 

Figure3.6: Molecular topology file cannot use prediction. 

 

 

Figure3.7: Molecular topology file modified based on DIpro2 prediction. 

 

In figure 3.6 and figure 3.7, you can see that the cysteine residues information in the 

original version is hard to code. Users cannot modify the flag and the residue position. 
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After adding the new feature, we can read the prediction information from the input file 

and then modify the parameters of CNS. 

 

 

Figure3.8: The gesq.inp file after modified. 

 

Figure 3.8 shows gesq.inp file after modified. In this file, you can see the “true” or “false” 

flag, and the position of cysteine is the prediction from DIpro2. And then, CNS can use 

that information to build the molecular topology file. 
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3.5 Results 

Adding disulfide bonds information is essential at the first stage because the CNS solve 

the addition of bond information to the molecular topology, which describes the covalent 

topology of the molecule. It means that we can improve the accuracy of reconstruction. 
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Figure3.9: Reconstructed model of protein 1a4g. 

 

To compare the performance after adding new features, we selected one sequence to 

reconstruct the protein models and observing the final TM-score. The sequence we 

decided is 1a4g. The length of 1a4g is 390, contains seven predicted disulfide bonds. We 

will test this protein sequence separately in two versions and see if the version with new 

features will improve the test results. 
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(1) The best TM-score before adding disulfide bond prediction 

 

 

(2) The best TM-score after adding disulfide bond prediction 

Figure3.10: The TM-score comparison of protein 1a4g. 
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Figure3.11: TM-score line chart. 

 

Figure 3.10 and Figure 3.11 shows that under the same protein sequence, the performance 

of protein model reconstruction can be improved slightly after adding disulfide bond 

prediction. 
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Chapter 4 Beta sheet contacts 

 

4.1 Background. 

The β-sheet is a common motif of regular secondary structure in proteins [17]. β-sheets 

are formed by at least two or three backbone hydrogen bonds, and one β-strand is a 

stretch of polypeptide chain typically 3 to 10 amino acids long with a backbone in an 

extended conformation. There are three ways that adjacent β-strands form hydrogen 

bonds: parallel, antiparallel and mixed arrangements. 

          

Parallel β-sheet hydrogen bond    Antiparallel β-sheet hydrogen bond 
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Figure4.1: Parallel and Antiparallel β-sheet hydrogen bond. 

We choose to use the bbcontacts method to predict the β-strand pairing because it is 

different from other methods. Most of the existing techniques use true secondary structure 

as input, but in CONFOLD, we take predicted secondary structure as input, so bbcontacts 

is the best choice. Before using bbcontacts, we are required to use HHblits, CCMpred and 

Psipred to generate the input files. 

The NOE distance restraints required by CNS solve are specified with the following 

syntax: 

𝑎𝑠𝑠𝑖𝑔𝑛     (𝑎𝑡𝑜𝑚 − 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛)    (𝑎𝑡𝑜𝑚 − 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛)     𝑑     𝑑𝑚𝑖𝑛𝑒𝑠    𝑑𝑝𝑙𝑢𝑠 

e. g. , 𝑎𝑠𝑠𝑖𝑔𝑛  (𝑟𝑒𝑠𝑖𝑑 74 𝑎𝑛𝑑 𝑛𝑎𝑚𝑒 𝑂)   (𝑟𝑒𝑠𝑖𝑑 112 𝑎𝑛𝑑 𝑛𝑎𝑚𝑒 𝐻)     2.8      0.4      0.9 

 

This kind of selection defines the atoms between which the distance restraint will be 

applied. In the CNS system, building pseudo atoms can be completed by the “assign” 

statement. According to the restraining functions, CNS can calculate the R-6 averaged 

distance or the distance between the geometric centers of selected atoms. We only need to 

change the format of the prediction of the beta-sheet contact to the “assign” statement, 

and then CNS can start the NMR structure calculation automatically. 
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4.2 Using HHblits to generate multiple sequence alignments 

HHblits is a part of the HH-suit that can build high-quality multiple sequence alignment, 

and the input file of HHblits is a single query sequence. It can speed up the slow HMM-

HMM comparison process by the fast prefilter because the fast prefilter reduces the tens 

of millions of HMMs to match against to a few thousands of them. 

 

Figure4.2: Process of using HMMs search. 

 

Hidden Markov Model (HMM) is a statistical Markov model that can be represented as 

the dynamic Bayesian network [19]. The definition is: 

P (𝑌𝑛  ∈ A | 𝑋1 =  𝑥1, … , 𝑋𝑛 =  𝑥𝑛 )  =   P (𝑌𝑛  ∈ A | 𝑋𝑛  =   𝑥𝑛) 
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The Markov process itself cannot be observed, only the sequence of labeled clusters, thus 

this arrangement is called a “hidden Markov process”. 

 

 

Figure4.3: Probabilistic parameters of a hidden Markov model. 

 

X represents the states, y represents the possible observations, represents the state 

transition probabilities, and b represents the output probabilities. 

First, we run HHblits against the uniprot20 database, avoiding any filtering in order to 

retrieves as many homologous sequences as possible. We set the number of target 
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sequences up to 10000, and the minimum probability in the hit list is 20%. Figure 3.2 

shows the result of running the HHblits. 

 

Figure4.4: Visualization of the multiple sequence alignment. 

 

After running the HHblits, we get the query template multiple sequence alignments. But 

this a3m file cannot be used directly; the length of every alignment is different and 
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contains much useless information. So, the next step is to use HHfilter to complete the 

extraction of a representative of sequences from an alignment. The length of each 

alignment should be equal to the length of the sequence. 

 

Figure4.5: Format of the alignments. 

After reformatting the alignments, using those multiple sequence alignments as input to 

get the prediction of direct couplings. 
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4.3 Using CCMpred to predict direct couplings 

CCMpred is free and open-source software that can predict protein residue-residue 

contact [20]. Compared with other published methods, it can predict contacts faster and 

with the same precision. 

 

Figure4.6: CCMpred runtime and accuracy compared with other methods. 

 

Protein structure can maintain stability is crucial under evolutionary pressure, which gives 

rise to correlated mutations between contacting residue pairs. These correlated mutations 

can be used to predict residue-residue contacts. The output file is a direct couplings 

matrix that contains the contact information. 
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Figure4.7: Format of the CCMpred result. 

 

The columns number of direct couplings matrix is equal to the length of the sequence, 

then bbcontacts can predict the β-strands pairing by detecting patterns in the matrix of 

predicted couplings corresponding to interactions between secondary structure elements. 

 

4.4 Using Psipred to predict secondary structure. 

Psipred is a method used to predict a protein’s secondary structure from the primary 

sequence. There are three stages in the prediction algorithm: generating a sequence 

profile, predicting the initial secondary structure and filtering the predicted structure. The 

web service is convenient to use. 
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Figure4.8: Psipred web service. 

 

It is very convenient to use the Psipred web server. We can just submit our protein 

sequence and the email address when the work finished, and we will receive an email that 

contains the information of the prediction. 
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Figure4.9: Prediction of the secondary structure. 

 

In the secondary structure files, “E” represents an extended strand, participates in the beta 

ladder. So, we need to identify the relationship between the “E” parts, and if they are 

contacted, we can regard it as β-sheet contact. 

 

4.5 Using BBcontacts to predict β-sheet contacts. 

The Hidden Markov Model (HMM) architecture is used for parallel and antiparallel β-

sheet contacts. To run bbcontacts for a given protein, we need a matrix of predicted 

couplings and a three-state secondary structure prediction. Because when CCMpred 

performs the average product correction (APC) step [15], the minimum coupling value 

gets subtracted from all coupling values, we should make sure to use a smoothing range 

when running bbcontacts. 
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Figure4.10: HMM architecture used in bbcontacts. 

 

 

 

Figure4.11: BBCONTACTS processing requirements. 
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The output file contains the β-sheet contact predictions, and there are three key messages 

that we will use in the next step: 

• Direction: Parallel or Antiparallel. 

• State: First, Internal or Last. 

• Residue position: residue_1, residue_2. 

The direction of beta-strand determines the connection order, and three states tell us the 

begin and end position. The residue position is the information required by CNS solve. 

 

 

Figure4.12: Format of the bbcontacts output file. 

 

The beta-sheets have three directions, parallel, antiparallel, and mix beta-sheets. In 

parallel beta-sheets, all the beta strands run in the same direction. And in antiparallel beta-

sheets, the beta strands run in the opposite directions. The antiparallel beta-sheets are 
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more stable than the parallel beta-sheets because parallel sheets are less twisted than 

antiparallel, and the antiparallel sheets can bear more enormous distortions. 

 

Figure4.13: The diagrams of parallel and antiparallel beta-sheets. 

 

The parallel and antiparallel beta-sheets use the same HMM architecture, but the 

parameters are different. 

 

4.6 Adding β-sheet contacts information. 

From the previous steps, we got the required information. Now we are trying to integrate 

the data into “dgas.inp” file to calculate the structure. In CONFOLD Version 2, the beta 

contact information can be detected from the stage one model. But the drawback of this 

way is that we cannot avoid the mistakes in stage one. In order to solve this problem, we 

choose to add the β-sheet prediction information in the first stage, so that the models in 
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the early stage can use the position of β-sheet residues and improve the TM-score of the 

reconstructed protein models. 

 

Figure4.14: Process of adding beta-sheet contacts information. 

 

First, reading the required messages from the prediction file. We need to recognize the 

state of the residue if the residue state is “first” we will start reading the next residues into 

this strand until the state is “last”. Then the direction of the strand will be attached; the 

symbol of parallel is “P” and the symbol of antiparallel is “A”. 
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Figure4.15: The prediction information after processing. 

Sometimes the prediction of bbcontacts cannot match the secondary structure file. For 

example, in some cases, the prediction of bbcontacts shows that the residues 35-38 and 

residues 79-76 are beta contacts, but in the secondary structure file, the state of 79-76 is 

not “E”. So we need to remove those unpaired strands. 

After removing the unpaired strands, we start writing the beta contacts information into 

“hbond.tbl” file. This file will be called by the “dgsa.inp” which is used to the distance 

geometry simulated annealing. 

 

 

Figure4.16: The hydrogen bond distance restraints file in CNS. 

 

Figure 4.16 shows the interface of CNS solve calling the hydrogen bond distance 

restraints file. It contains all the hydrogen bond information, and we need to select the 
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hydrogen bond distance averaging mode. There are four possible modes: R-6, R-3, sum, 

cent. 

• R-6: The distance between the selected sets of atoms is averaged 

according to:            

 R = [distance]− 
1

6 . 

• R-3: The distance between the selected sets of atoms is averaged 

according to:            

  R = [distance]− 
1

3 . 

• Sum: The distance between the selected sets of atoms is computed 

by adding up single contributions: (“nmono” is specified by the 

monomer statement.)           

   R = sum(i, j)[𝑅
𝑖𝑗

− 
6

𝑛𝑚𝑜𝑛𝑜]− 
1

6.  

• Cent: The distance between the selected sets of atoms is set to the 

difference between the geometric centers of the atoms:   

   R = (𝑅𝑐𝑒𝑛𝑡𝑒𝑟1  − 𝑅𝑐𝑒𝑛𝑡𝑒𝑟2). 
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Figure4.17: Beta contacts information in the hbond.tbl. 

Figure 4.17 shows the format of hydrogen bonds information in “assign” statement. The 

real number 2.06 means the distance, the 0.20 and 0.10 means the extents either side of 

this distance. 

 

4.7 Result 

In the CONFOLD new version, the beta-sheet contacts information can be accepted by 

the CNS solve in stage one. And the TM-score of the protein models in stage one 

improved significantly. But in CONFOLD Version 2, the beta contact information can be 

detected from the stage one model, so the resulting model’s TM-score is quite similar to 

the previous version. 
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Figure4.18: Reconstructed model. 
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Figure 4.19: Protein model TM-score before adding beta sheet contacts 

 

 

Figure4.20: Visualization of TM-score superposition 
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Figure4.21: Protein model TM-score after adding beta-sheet contacts 

 

 

Figure4.22: Visualization of TM-score superposition 
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The TM-score shows us that the score has not been significantly improved. I compared 

the TM-scores of the first stage and found that the improvement of the models is visible. 

 

 

Figure4.23: TM-score in the first stage. (red: new version, blue: previous version) 

 

From the line chart, we can see that the performance of our new version can be more 

stable. There are too many factors that can affect our result, such as prediction accuracy; 

it’s challenging to improve TM-score significantly. In our new version, we improved our 

best model TM-score from 0.4225 to 0.4359. It is about 3.14%. And I believe if the 

model contains more beta-sheet contacts, the performance can be better. 

And I think the reason why the resulting model’s TM-score is quite similar to the 

previous version is that the earlier version can detect the hydrogen bonds from generated 
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models. CONFOLD can recognize the beta contacts from the model created by stage 1 

and using this information into the next stage. In the future, maybe we can try to 

reconstruct a protein which contains many beta-sheet contacts, I think the TM-score can 

be improved more significantly. 
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Chapter 5 Contacts probability 

 

5.1 background. 

One of the input files is the contact prediction results in an “id.rr” file, which contains the 

residue-residue separation prediction. There are five columns in the RR file: residue 

number indices i, residue number indices j, distance 1, distance two and probability. 

Residues number indices i and j are used for distance specification, the distance one and 

distance 2 indicate the range of Cβ-Cβ distance predicted for the residue pair (Cα for 

glycine), and the probability suggests the probability of the distance falling between the 

predicted range. 

 

Figure5.1: Format of the contacts prediction results. 
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Figure 5.1 shows an example of the contact prediction results. In this example, the Cβ-Cβ 

less than 8 Å so that it can be predicted with the format as    

i            j           0          8            p 

In the previous CONFOLD version, the value of probability is not fully utilized. It can 

generate 40 different subsets of predicted contacts results by selecting top xL contacts. In 

some cases, this method may miss some essential contact information. 

 

 

5.2 CONFOLD Version 2 

CONFOLD Version 2 generates 40 different subsets and selects 5 top models from each 

of them. So, it can predict 200 models using a various subset of input contacts. Each 

subset selects top xL contacts from the RR file, x = 0.1, 0.2, 0.3, …, 4.0 (total 40 items) 

and L is the length of the protein sequence. 

Under this pattern, if the length of the protein sequence is 1000, in the 3.0L stage, input 

RR file needs (3 * 1000) 3000 contacts distance. After using multiple thresholds contacts 

probability pattern, we need to provide 1000 contacts restrains as input. It can save a lot 

of running time. 
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Figure5.2: Process of CONFOLD Version 2. 

 

Figure 5.2 shows the process of CONFOLD 2, dealing with the prediction of the contact. 

After resulting in a total of 200 models, it calculates the contact satisfaction score using 

top L/5 long-range contacts and sorts, and the top 50 models will be selected. Then the 50 

models separate into 5 clusters and choose the best model from each cluster to form the 

results. 

This way can significantly improve the performance, but it will also make the entire 

program running time too long. And the program only selects the top xL contacts, and 

this method may lose some vital information. 
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Figure5.3: CONFOLD 2 using probability value. 

 

In CONFOLD version 2, the probability value is used to detect whether this column is 

non-contact information. In the new version, we are trying to use the probability value as 

thresholds to judge how many distances should be added. 

 

5.3 Multiple Thresholds contacts probability. 

The probability of the distance between Cβ atoms is within the range of 0 to 1. To make 

sure every contact prediction has the chance to be selected, we choose to use multiple 

threshold methods to select the contacts. 
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Multiple thresholds method is to divide the entire data set into several clusters by using 

the value of probability as an indicator, different clusters have different weights, and the 

weight is used to determine the proportion of the cluster. 

 

 

Figure5.4: Example about how to set thresholds 

 

Figure 5.4 shows an example of how to set the probability thresholds. In this example, we 

set three thresholds: 0.6, 0.4 and 0.2. If a cluster’s probability of the residue-residue 

contacts is greater than 0.6, it means that the confidence of this cluster is high so that we 

will select all the residue-residue contacts. If a cluster’s probability of the residue-residue 

contacts is between 0.6-0.8, we will choose 80% of them into protein reconstruction. And 
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if a cluster’s possibility is less than 0.2, it means that the confidence of this cluster is low, 

so that we will select only 30% of them. 

In a RR file, most of the residue-residue contacts’ probability is between 0 to 0.3, and this 

method can exclude most of the low probability contacts and save the running time. 

 

 

Figure5.5: Coding to divide the clusters. 

After separating the entire data set into four clusters, we need to select the contacts from 

each cluster. Since there are 40 subsets in the program, we require to promise every 

contact has the chance to be chosen. So, the best way is to select contacts from the cluster 

randomly. 
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Figure5.6: the process of randomly selecting contacts from the cluster. 

 

Then we need to integrate the selected residue-residue contacts to form a complete RR 

file. But this RR file is unsatisfied with the requirement of CONFOLD, and it should be 

sorted and add the protein sequence (fasta file) on the first line. 

 

5.4 Results. 

To compare the performance with the previous version, we tested the program on CASP 

12. Because of the limitation of the machine, we just selected some of the datasets to get 

the TM-score of the resulting models and the running time of the entire program. 
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(1). Previous version 

 

(2). Multiple thresholds version. 

Figure5.7: The TM-score from a different version. 

 

Figure 5.7 shows that the TM-scores from different version is quite similar; it means that 

the multiple thresholds probability method is a reliable way to select the prediction of the 

contact from the RR file. 
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Figure5.8: The comparison of the two versions. 

 

Figure 5.8 shows that the multiple thresholds probability version can be faster than the 

previous version. We take protein T0859 and T0870 as examples, the running time of two 

protein sequences in the last version is 154.36 minutes and 159.63 minutes, and the 

running time in multiple thresholds version is 140.58 minutes and 143.74 minutes. The 

improvement of these two examples is 8.9% and 9.95%. It can improve efficiency while 

keeping accuracy. 
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Figure5.9: Visualize the 1nz0 protein model. 

 

This TM-score is generated based on the thresholds 0.6, 0.4, and 0.2, in the future we can 

try some different thresholds. And we can use different weights in different clusters to 

improve the performance. 
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Chapter 6 Summary 

In this research, we ran our system based on the Red Hat Enterprise Linux Server release 

6.4 (Santiago), and CPU has four cores. We tested our results based on the dataset CASP 

12, which can provide research groups with the opportunity to test the structure prediction 

methods. CASP is a Critical Assessment of protein Structure Prediction, and it can help 

advance the methods of identifying protein 3-D structure from its amino acid sequence. 

 

 

Figure6.0.1: Linux system information. 

 

Under this system, we tested our new version CONFOLD, and we get the running time 

information. The length of protein T0859 is 129, in the CONFOLD version 2 running 
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time is 154.36 minutes, and in the new version, the running time is 140.58 minutes. We 

have improved efficiency by 8.9%. 

 

Figure6.2: Running time improvement. 

 

And for the protein which contains the disulfide bond information such as protein 1a4g, 

the TM-score can be improved from 0.2006 to 0.2041. We have developed the accuracy 

by 1.74%. 
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Figure6.3: Disulfide bond feature improvement. 

 

For the protein which contains the beta-sheets contacts information such as 1nzD, the 

TM-score can be improved from 0.4225 to 0.4358. We have developed the accuracy by 

3.14%. 

 

Figure6.4: Beta sheet contacts feature improvement. 
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The reconstruction of the protein model is a very complicated task, which contains many 

influencing factors. In this research, we improved the CONFOLD system with three new 

features, and the results show that in the new version, it can perform better. 

  



 

- 63 - 

 

Chapter 7 Future Work 

 

In the future, we can continue to improve the performance of CONFOLD. According to 

the disulfide bonds part, now we can use DIpro2 to predict the position of pairs of 

cysteines, but we still cannot recognize the residue is thioredoxin or peptide. CNS can 

receive this kind of information to make the structure more reliable. 

What’s more, we can modify the thresholds and then observe which set of thresholds will 

get the best TM-score and the fastest running time. In this way, the performance of 

CONFOLD will be improved. 

We can also integrate the HHblits, HHfilter, CCMpred, and bbcontacts into one program 

so that the user can save a lot of time generating multiple sequences and direct couplings. 
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Chapter 8 Conclusion 

In this research, we got familiar with the CONFOLD and added some new features to it. 

Because the CONFOLD is built based on CNS solve, we also spent plenty of time 

studying how to use CNS.  

The first feature of this new version is disulfide bond prediction, using DIpro2 to predict 

the information is my first step. Then the next step is to figure out how to make CNS 

using the prediction, and the tutorial told me to write those cysteines position into the 

Molecular topology file. Since then, the new version can recognize disulfide bond 

information from input files. 

Adding Beta-sheet contacts prediction into CONFOLD is also a new feature. During this 

part, we focused on how to recognize the direction of the beta-strands. After a long period 

of research, we found “bbcontacts” which can predict the position and direction of the 

beta-sheet contacts. The “bbcontacts” require the secondary structure file and direct 

couplings matrix, so we need to use HHblits, CCMpred and Psipred to generate the 

required input files. After getting the prediction of beta-sheet contacts, we need to 

exclude the unpaired strands. And we are then writing the beta strands information into 

“hbond.tbl” file to reconstruct protein. 

And the last new feature is multiple thresholds contacts probability. CONFOLD is a 

residue-residue contact-guided ab initio protein folding method, but the value of 
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probability in the RR file is not used. In this research, we separated contacts into different 

clusters and gave each cluster a weight. It can make the program faster and keep the TM-

score. 
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