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Abstract 
 

A new computational method is introduced to 

predict disulfide connectivity patterns in a protein 

chain, starting with the assumption that the 

disulfide bonding state of each cysteine is known. 

The method uses support vector machines based on 

the pairwise local similarities between cyteine-

neighboring sequences and the distance between 

the cysteine pair under consideration. According to 

the experimental results over a common data set, 

the new system provides improved prediction 

accuracy in comparison with existing methods. 

 

1. Introduction 
 
An important determinant of the shapes of proteins 
is the formation of the covalent disulfide bridges 
between two cysteine residues in the same 
polypeptide chain or in different chains. Such –S-S- 
bonds stabilize folded conformations of proteins. 
Chemically, the disulfide bridge is formed by an 
oxidation reaction in which two hydrogen atoms are 
lost. This is achieved by pairs of thiol groups of the 
cysteine side chains, brought together by 

polypeptide folding, forming a covalent disulfide 
bond. This provides a very strong interlocking bond 
and makes the folded shape much more stable. 
Since covalent bonds are not disrupted by mild 
heat, proteins with disulfide bonds are often less 
easily denaturated by heat.  
 
As an intermediate step for predicting protein 
structure from sequence, prediction of disulfide 
connectivity patterns has received sustained 
attention in recent years. Disulfide connectivity 
prediction can be divided into two main 
subproblems. First, not all the cysteines may be 
bonded, even in a chain that contains disulfide 
bridges. Thus, it is first desirable to be able to 
classify the oxidization state of each cysteine as 
bonded or not. This is a binary classification 
problem that can be solved using several machine 
learning algorithms such as neural networks 
(Fariselli et al., 1999; Fiser and Simon, 2000). 
Second, the location of disulfide bridges is 
predicted from the knowledge of oxidization state 
of each cysteine. An example structure belonging to 
mamba intestinal toxin 1 and its disulfide 
connectivity pattern are shown in Figure 1. 

 

 
 

 
 

Figure 1. CATH structure view of mamba intestinal toxin 1, its amino acid sequence and corresponding disulfide 

connectivity patterns. 
 

2008 International Conference on Bioinformatics, Computational Biology, Genomics and Chemoinformatics (BCBGC-08)

93



This study deals with the second problem that has 
received relatively scarce attention in the literature. 
The first attempt for predicting disulfide 
connectivity patterns was the study of Fariselli and 
Casadio (2001), in which the problem was reduced 
to a matching problem in a complete weighted 
graph, where the vertices represent oxidized 
cysteines. Edge weights correspond to interaction 
strengths or contact potentials between the 
corresponding pair of cysteines. A simulated 
annealing approach was used to learn the edge 
weights. To derive a candidate set of bridges, a 
maximum weight perfect matching algorithm was 
conducted. In a later work, Vullo and Fransconi 
(2004) trained a recursive neural network 
architecture  to score candidate graphs by their 
similarity to the correct graph. The vertices of the 
graphs are labeled by fixed-size feature vectors 
corresponding to multiple alignment profiles in a 
local window composed from the neighboring 
residues of each cysteine. Chen and Hwang used 
support vector machines to find the bonding 
probabilities of each pair of cysteines in a chain 
(Chen and Hwang, 2005). To train SVM, they used 
sequence descriptors such as coupling between the 
local sequence environments of cysteine pairs, and 
amino acid content of whole sequence. Cheng et al. 
(2006) used position specific profiles from multiple 
sequence alignments in addition to feature vectors 
obtained from local sequence environment of 
cysteines. In this study, we used SVMs, with an 
empirical feature encoding scheme based on the 
local alignment scores between the neighboring 
windows of target cysteine pair and all other known 
pairs. As a global descriptor, the distance between 
two potentially pairing cysteines was also added. 
According to the results obtained from the tests on 
a common dataset, the present method provides a 
remarkably improved prediction accuracy for 
especially the proteins containing low number of 
bridges. 
 

2. Materials and Methods 
 
Our procedure for disulfide connectivity prediction 
has three main steps. First, feature vectors are 
constructed for each pair. Second, the SVM 
prediction produce a pairing probability for 
corresponding cyteine pair. As a last step, 
maximum weight perfect matching algorithm is 
applied to produce final connectivity pattern. 
 
2.1 Feature Encoding 
 
Each potential cysteine pair must be represented by 
a fixed-length feature vector to be fed into a 
machine learning classifier. In this study, we used 
two kinds of features to represent cyteine pairs. The 
first part of the feature vector includes a set of 
pairwise sequence similarity scores. With the 

assumption that the subsequence appearing at the 
left and right sides of a target cyteine plays the most 
effective role on the occurrence of a disulfide bond, 
we first extract all such subsequences from the 
whole sequence along a window of 13. Instead of 
using their content, we used the similarity scores 
between the neighboring subsequence of the target 
cysteine and all other such subsequences obtained 
from the training set proteins. To calculate 
similarity scores, we used the local alignment 
algorithm given by Smith and Waterman (1981) 
with BLOSUM 62 substitution matrix and a gap 
penalty of –11.   
 
Second feature considers a global descriptor that 
effects the occurrence of a disulfide bond. The 
sequence distance between two potentially bonding 
cysteines was added to the feature vector by 
normalizing over whole sequence length. 
 
2.2 Support Vector Machines 
 
SVMs are binary classifiers that work based on the 
structural risk minimization principle (Vapnik and 
Cortes, 1995). They have been extensively used and 
shown to be a powerful tool in many bioinformatics 
problems (Hua and Sun, 2001; Ward et al., 2003; 
Yuan et al., 2002; Karchin et al., 2002; Oğul and 
Mumcuoğlu, 2006). An SVM classifier is generated 
by a two-step procedure: first, the high-dimensional 
input space of the SVM is non-linearly mapped into 
a higher dimensional feature space. In the second 
step, a linear hyperplane is constructed in this 
feature space with the largest possible margin 
separating the classes of the data. The points 
classified by the SVM can be divided into two 
groups; support vectors and nonsupport vectors. 
Nonsupport vectors are perfectly classified by the 
hyperplane and are located outside the separating 
margin. Parameters of the hyperplane do not 
depend on them, even if their position is changed, 
provided that these points will stay outside the 
margin. Support vectors are the points that are 
difficult to classify and therefore they are used to 
determine the exact position of the hyperplane. In 
other words, support vectors contain the 
information for the classification task. The main 
advantage of SVM is its better generalization 
ability owing to fact that it finds the separating 
hyperplane with the largest margin using support 
vectors, as opposed to neural networks at which all 
possible hyperplanes are evaluated. Thus, SVM is 
said to be less prone to overfitting than other 
classifiers. 
 
To train the SVMs, an open-source software called 
SVM-Gist, available at 
www.cs.columbia.edu/compbio/svm, is used. In the 
SVM-Gist software, a kernel function acts as the 
similarity score between pairs of input vectors. The 
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base kernel is normalized in order to make that each 
vector has a length of 1 in the feature space, that is, 
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where X and Y are the input vectors, K(.,.) is the 
kernel function, and “.” denotes the dot product. 
This kernel is then transformed into a radial basis 
kernel K’(X,Y), as follows: 
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where the width σ is the median Euclidean distance 
from any positive training example to the nearest 
negative example. Since the separating hyperplane 
of SVM is required to pass from the origin, the 
constant 1 is added to the kernel so that the data 
goes away from the origin. An asymmetric soft 
margin is implemented by adding to the diagonal of 
the kernel matrix a value 0.02*ρ, where ρ is the 
fraction of training set proteins that have the same 
label with the current protein.  
 
The SVM output is a discriminant score, which 
measures the Euclidean distance to separating 
hyperplane of trained SVM, corresponding to the 
test sample. In our case, the discriminat score 
indicates a predicted level of bonding probability 
for the cysteine pair under consideration. 
 
2.3 Maximum Weight Matching 
 
After the bonding probability of each cysteine pair 
was produced by SVM models, an implementation 
of Gabow’s algorithm 
(http://elibizibide/pub/Packages/mathprog/matching
/weighted) was used to find the maximum weight 
matching (Gabow, 1973). Given a resulting SVM 
discriminant score dij for any cysteine pair ci and cj, 
which also stands for the weight of the edge 
between the nodes representing ci an cj cysteines,  
the maximum weight   matching algorithm finds 
optimal matching between all cysteines that 
maximizes the total discriminant score. Finally, the 
matching with maximum weight was transformed 

to the corresponding disulfide connectivity pattern. 
An example is given in Figure 2.  

 
Figure 2. An example of disulfide connectivity 

patterns consisting of four cysteines c1, c2, c3, c4, 

which are supposed to form two disulfide bonds. 

Three possible connectivity patterns are ((c1, 

c2),(c3, c4)), ((c1, cs),(c2, c4)) and ((c1, c4),(c2, c3)), 

where (ci, cj) indicates a disulfide bridge between  

ci and cj. The maximum weight matching algorithm 

selects the ((ci, cj),(cn, cm)) which attains the 

maximum sum of dij and dmn, where dij and dmn are 

the SVM discriminant scores for the bridges (ci, cj) 

and (cn, cm) respectively. 

 
2.4 Experimental Setup 
 
We followed the same criteria as previous works 
(Vullo and Frasconi, 2004; Cheng et al., 2006; 
Chen and Hwang, 2005; Fariselli and Casadio, 
2001) in selecting the sequences from the SWISS-
PROT database release No. 39. The constructed 
dataset contains only the sequences with 
experimentally verified intrachain disulfide bridge 
annotations, and excludes the sequences whose 
disulfide bridge bonds are assigned as “probable”, 
“potential”, or “by similarity”. We consider the 
sequences with two to five disulfide bridges, which 
account for more than 80% of SWISS-PROT 
sequences. The final data set contains 482 
sequences, of which 168 have two disulfide bonds, 
177 have three, 95 have four, and 42 have five. 
Depart from the previous works, for a test protein, 
we used only the proteins having the same number 
of bonds in the training phase. For all subsets, 4-
fold cross-validation was applied.  

 
 

Table 1. Comparison among different prediction methods 

 
Method B=2 B=3 B=4 B=5 All 
 Qp Qc Qp Qc Qp Qc Qp Qc Qp Qc 

Fariselli & Casadio, 2001 0.56 0.56 0.21 0.36 0.17 0.37 0.02 0.21 0.29 0.38 
Vullo & Frasconi, 2004 0.73 0.73 0.41 0.51 0.24 0.37 0.13 0.30 0.44 0.49 
Cheng et al., 2006 0.74 0.74 0.51 0.61 0.27 0.44 0.11 0.41 0.49 0.56 
Chen & Hwang, 2005 0.74 0.74 0.61 0.69 0.30 0.40 0.12 0.31 0.55 0.57 
Present method 0.81 0.81 0.54 0.64 0.72 0.80 0.33 0.51 0.64 0.72 
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3. Results 
 
Two performance criteria were used to evaluate the 
methods: pair precision and pattern precision. The 
pattern precision, denoted by Qp, is the fraction of 
the proteins for which all of the connectivity 
patterns are correctly predicted over whole data set. 
The other performance measure is the pair 
precision, denoted by Qc, which gives the fraction 
of the correctly predicted disulfide bridges among 
all bridges in the data set. Specifically, they are 
defined as 
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where ∂ ci  is defined for the ith disulfide bridge as 
 
     1, if ith predicted bridge is correct 

∂ ci = 
0, if the ith predicted disulfide bridge is 
incorrect 

 
and 2c is the total number of disulfide bridges. 

Similarly, ∂ pi is defined for the ith protein in the 
test set as 
 

1, if the predicted connectivity pattern is   
correct for ith protein 

∂ pi = 
0, if the predicted connectivity pattern is 
incorrect for ith protein 

 
and 2p is the total number of proteins in the test set. 
 
Table 1 demonstrates the performance of the new 
method for the proteins having 2, 3, 4 and 5 
disulfide bridges.  According to the results, present 
method achieves a greater accuracy than the other 
methods except for the proteins containing three 
bridges, for which the method of Chen and Hwang 
(2005) shows a better performance. 
 

4. Conclusion 
 
Although machine learning algorithms such as 
neural networks and support vector machines have 
been widely used in biological problems, the 
selection of proper feature representation schemes 
has been still a challenging problem. This study 
introduces a new representation scheme for 
potentially bonding cysteine pairs and presents an 
SVM application for the prediction of protein 
disulfide connectivity patterns. It reveals that the 

new method provides a remarkable improvement on 
the prediction accuracy. Main fallacy of the new 
system is its computational inefficiency due to 
computational cost of alignment algorithm. Our 
studies are ongoing to replace alignment methods 
by a more efficient method, such as BLAST and 
integrate some additional features related to the 
subsequence between two cysteine residues, which 
is possibly effective on the occurrence of 
connectivity patterns.  
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