Investigating the structure of protein similarity networks both on sequence and structure level 
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The current work studies similarity networks for a well defined and used dataset of proteins constructed using sequence or structural derived similarity criteria. The analysis is made on different levels of classification of proteins (all proteins, or grouped by class or fold index) according to Structural Classification of Proteins (SCOP). The current investigation is a work in progress that will classify the networks constructed into one of the categories of random, regular or small-world networks and furthermore will give insights in machine learning approaches for protein fold classification.

Our world can be described as the world of networks, where each complex system is defined by a number of vertices, the elements that construct the system, and a number of edges that describe the interactions for all pairs of the elements. Biological and chemical systems, social interacting species, computer networks and the Internet are only same paradigms of networks [1]. Two extreme structures of a network are the regular and the random networks. The regular network (Fig. 1, a) is highly clustered, that is it has a high density of connections between nearby vertices, but it has long path length: one needs to pass in average from a great number of edges in order to get from one vertex to another. Random networks (Fig. 1, c) are unclustered and random edges between vertices give the property of a short path length. When a few edges between not nearby vertices are superimposed on regular networks, we get a structure between the two extremes which is called a small-world network (SWN) (Fig. 1, b) [2]. SWNs are highly clustered and have a short path length, combination of properties that suggest that they can be used to describe real-world interacting systems [3]. The structure of a network can be described by two parameters: i) the characteristic path length, L, which is the average over the minimum number of connections that must be traversed to connect vertices i and j and ii) the clustering coefficient, C, which is the average value of Ci, where Ci is the number of edges between the vertices within the neighborhood of vertex i divided by the number of edges that could possibly exist between them. A random network has small L and C, a regular network has great L and C, while a SWN has small L (usually a bit greater than a random network)  and great C.
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Figure 1. Graph depictions of a regular network (a), a small-world network (b) and a random network (c) 

Proteins, among other real-world complex systems, have been described already as small-world networks. In [4]-[5], folded proteins are transformed to networks where amino acids correspond to vertices and edges occur when two amino acids are closer than a distance threshold. The networks obtained possess small-world properties. In [6], a similarity network using representative proteins of 585 folds as vertices was constructed and each vertex is connected with another given a structural similarity of the corresponding proteins. The constructed network belongs to the class of small-world network.   

In the current study, similarity networks using a dataset of 312 proteins [7] which belong to four categories (α, β, α/β, α+β) on class level or 27 categories on fold level according to SCOP [8] are constructed.  The proteins compose the vertices of the network, while edges occur between two vertices when a similarity criterion is satisfied. The similarity between two proteins is calculated either based on 125 sequence derived features concerning amino acid composition, predicted secondary structure, hydrophobicity, normalized van der waals volume, polarity and polarizability [7] or based on their structural comparison using the DALI algorithm [9]. A certain threshold is used for the euclidean distance of the vectors of the sequence derived features or the Z score obtained by DALI algorithm in order to consider two proteins adequate similar. The analysis is made using all proteins, proteins in each class category or proteins in each fold category. Preliminary results using the 125 sequence derived features and a threshold corresponding to a rather not very strict similarity criterion showed high clustering coefficient for the networks constructed by all proteins and proteins in the four class categories (α, β, α/β, α+β), i.e. C values in the range [0.30 0.98]. The C values obtained are considered high, as they resemble at most values calculated for regular networks with the same number of vertices and connectivity. The obtained values of parameter L for the above networks occur in the range [1, 2] and resemble more the small L values calculated for random networks with the same number of vertices and connectivity. In the above calculations, the proteins that were not connected to another at least protein in the network were discarded so as to report results on networks that are similar with ones with full connectivity. Small L and great C, that is SWN properties, were reported in a similar experiment in [6] where a network was constructed based on the structural similarity of representative fold structures. In [6], high clustering coefficient is due to the structure similarity in a cluster of folds, while the small characteristic path lengths occurs due to the continuous transition of structural similarity thus making the path between two folds short. Similarly as reported in [6], it is our expectation that networks constructed at certain thresholds on sequence or structural similarity possess small-world network properties. The investigation of the structure of protein similarity networks is expected to give insights in machine learning approaches for protein fold classification.
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