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Abstract Amino acid networks (AANs) are undirected

networks consisting of amino acid residues and their

interactions in three-dimensional protein structures. The

analysis of AANs provides novel insight into protein sci-

ence, and several common amino acid network properties

have revealed diverse classes of proteins. In this review, we

first summarize methods for the construction and charac-

terization of AANs. We then compare software tools for

the construction and analysis of AANs. Finally, we review

the application of AANs for understanding protein struc-

ture and function, including the identification of functional

residues, the prediction of protein folding, analyzing pro-

tein stability and protein–protein interactions, and for

understanding communication within and between

proteins.
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Introduction

Proteins are biological macromolecules made up of a linear

chain of amino acids that fold into three-dimensional

structures comprised of different secondary structure ele-

ments. They play essential roles in biological systems and

act as structural materials, catalysts, adapters, transporters,

and regulators through their unique three-dimensional (3D)

structures (Anfinsen 1973). Many experimental and theo-

retical methods have been developed toward the under-

standing of protein structures and functions (Go 1983; Alm

and Baker 1999; Matsumura et al. 1989; Shoichet et al.

1995). One computational technique recently explored is

network characterization, which transforms the protein 3D

structure into an amino acid network. The network-based

analysis of amino acid interactions in protein structures

provides a new perspective in the study of protein systems.

In the last two decades, network analysis has become a

powerful tool in many real-world complex networks, such

as social networks (Wasserman and Faust 1994), internet

networks (Faloutsos et al. 1999), road networks (Kalapala

et al. 2006), gene co-expression networks (Stuart et al.

2003; Yan et al. 2010; Tang et al. 2010; Chis et al. 2011;

Chen et al. 2013), protein–protein interaction networks (Ito

et al. 2001), and metabolic networks (Ma and Zeng 2003).

Analysis of the properties of such networks can shed light

on the interactions among individual components and the

whole system. Many real-world networks have shown

some common network structure properties such as small

worldness (Watts and Strogatz 1998) and scale freeness

(Barabási and Albert 1999). In network models, nodes

denote the system elements and edges denote their inter-

actions. A weight may be assigned to edges to characterize

edge strength (e.g., affinity, intensity, or probability).

Protein structures can be modeled as undirected net-

works composed of amino acids and their interactions

(Zhou et al. 2014; Hu et al. 2013, 2014) (Fig. 1a). These

networks are termed residue interaction networks, protein

structure networks, or amino acid networks. In this review,

we employ the term amino acid network (AAN) to dis-

tinguish it from the protein–protein interaction network.

Compared with traditional structure-based methods,

studying a protein from a network perspective can provide
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topological information and capture the global connectivity

in a protein molecule. It also permits investigations into the

role of each individual amino acid within the complex

interacting network (Vendruscolo et al. 2002; del Sol and

O’Meara 2005). However, the AAN simplification of pro-

tein 3D structure may cause the loss of some spatial

information and hinder investigations into the steric effects

of protein under specific biological conditions.

In the last years, some reviews on amino acid networks

have already been published. Susan primarily reviewed the

topological characteristics of amino acid networks and

emphasized specific aspects of short-range and long-range

links (Susan 2010). Greene reviewed the construction of

AANs based on the Ca/Cb backbone and its applications in

studies on protein folding (Greene 2012). Di Paola et al.

(2013). summarized methods for the generation of amino

acid networks and discussed the application of network

properties to protein signaling, allosterism, and folding.

Other reviews have focused on the application of AANs.

For example, Csermely reviewed the use of network ana-

lysis to predict active centers in proteins (Csermely 2008).

Csermely et al. (2012) also contributed an interesting and

comprehensive review on the relationship between protein

disorder and network disorder, and the effect of network

disorder on protein structure, dynamics, and function. Most

recently, Zhang and colleagues discussed the evolution of

protein sequence, structure, and interaction from the view

of amino acid networks (Zhang et al. 2013). Hegedus et al.

(2013) described network-related methods for understand-

ing the allosteric coupling and importance of intramole-

cular interactions in ABC (ATP-binding cassette) proteins.

Although the amino acid network is becoming a popular

model, a comprehensive overview of the construction,

characteristics, software, and applications of AANs is yet

to be summarized.

In this paper, we aim to review recent work on the

construction, analysis, and application of AANs (Fig. 1b).

We first review amino acid network construction methods

and topological characterization of the networks. Next,

recently emerging tools for AAN construction and analysis

are summarized. Finally, we concentrate on the biological

insights obtained from AANs, including the identification

of functional residues, the prediction of protein folding,

protein stability, and protein–protein interaction, and the

understanding of communication within and between

proteins.

Fig. 1 Methods and tasks for

AAN construction and

applications. a 3D protein

structure of the globular protein

myoglobin (PDB identifier:

1a6m) and the fibrous protein

met repressor (PDB identifier:

1cma) and their corresponding

AANs. 3D structures are

constructed by VMD with a new

cartoon representation. Network

structures were built with the

RINerator software.

b Schematic diagram of AAN

construction, characteristics,

and applications
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Amino acid network construction

Amino acid networks (AANs) are usually constructed from

the Cartesian coordinates of amino acid residues of protein

molecules stored in the protein data bank (Berman et al.

2000). The nodes represent amino acid residues in the

protein while the edges represent interactions between the

amino acid residues. The different methods for the con-

struction of AANs are summarized in Table 1. The amino

acids (nodes) can be represented by atoms like Ca (Huang

et al. 2007; Deb and Vishveshwara 2009; Morita and

Takano 2009; Susan 2011; Bagler and Sinha 2005; Bartoli

et al. 2007) and Cb (Estrada 2010; Atilgan et al. 2007) in

the center of the amino acid, or by the centroid of the side

chain (Alves and Martinez 2007) obtained from the spatial

coordinates of heavy atoms in the amino acid residue

(Greene and Higman 2003). To date, unweighted amino

acid networks are more widely used than weighted ones. In

many unweighted AANs, the edges are established if the

physical distances between the nodes are less than a cutoff

distance, Rc, which ranges from 5 to 9 Å. Especially for the

AANs whose nodes are denoted as whole amino acids,

edges between two nodes represent the interaction between

all atoms in the amino acids. Hence, there are multiple

edges between two nodes and much larger node degrees

(Greene and Higman 2003). Based on the all-atom inter-

action model, Aftabuddin and Kundu (2006) assigned the

weight of the edge between residues as the number of

atom–atom contacts and constructed a ‘‘weighted’’ amino

acid network. AANs based on distance between the single

atoms or centroids of the side chain are regarded as coarse-

grain level models since they only indicate the general

protein structure shape. In comparison, AANs based on the

distances between all atoms between residues can be more

accurate (although computational intensive) as they reflect

more information regarding physical contacts (Bartoli et al.

2007).

The edges of another type of unweighted amino acid

network are defined based on distance-based functions.

One example is the side-chain level model (Brinda and

Table 1 Methods for amino

acid network construction
Nodes Links Network

type

Ca Node distance less than a threshold 7 Å (Bartoli et al. 2007; Susan

2011; Gaci and Balev 2009; Bagler and Sinha 2005;

Vishveshwara et al. 2009), 8 Å (Bagler and Sinha 2007) and 8.5

Å (Dokholyan et al. 2002)

Unweighted

Cb (Ca for Gly) Node distance less than a threshold 7 Å and 8.5 Å (Atilgan et al.

2004)

Unweighted

Centroids of side chain Node distance less than Rc = 8.5 Å (Alves and Martinez 2007) Unweighted

Amino acid if distance between any atoms from the whole amino acids (Greene

and Higman 2003; Bartoli et al. 2007) or only from the side chain

(Aftabuddin and Kundu 2007) is less than Rc = 5 Å

Unweighted

Strength of non-covalent interactions based on atom–atom contact

and only consider atom from side chain. Atom–atom distance

cutoff: Rc = 5 Å (Vishveshwara et al. 2009; Brinda and

Vishveshwara 2005)

Amino acid Links: if distance between any atoms from the whole amino acid

residue (Aftabuddin and Kundu 2006) or only from the side chain

(Aftabuddin and Kundu 2007) is less than Rc = 5 Å

Weight: the number of possible atom–atom links

Weighted

Atom The summation of the electrostatic interaction energy (Coulomb

potential) and the van der Waals interaction energy (Lennard-

Jones potential) between two atoms (Veloso et al. 2007)

Weighted

Amino acid The summation of the electrostatic interaction energy (Coulomb

potential) and the van der Waals interaction energy (Lennard-

Jones potential) between two amino acid (Vijayabaskar and

Vishveshwara 2010)

Weighted

Geometrical center of

the side chain

Links: Node distance less than a threshold

Weight: Miyazawa and Jernigan contact energy between two

residues (Jiao et al. 2007)

Weighted

Amino acid Links: within a cutoff distance or for at least 75 % of an MD

Weight: based on cross-correlation between the monomer over the

course of the MD simulation (Sethi et al. 2009; Vanwart et al.

2012)

Weighted
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Vishveshwara 2005; Vishveshwara et al. 2009), where

edges are denoted based on the normalized strength of

non-covalent interactions between the side chains of two

amino acid residues in the protein. The strength Iij

between residue i and residue j is evaluated by the per-

centage of atom–atom contacts from the side chains of the

two residues i and j. Then a cutoff value Imin is chosen

and the residues i and j are connected if Iij [ Imin. In this

model, the connections between covalently linked back-

bone neighbors are ignored and the non-covalent inter-

actions are focused on instead. This method not only

describes the interactions between side chains but also

quantifies the strength of interactions.

In the construction of AANs based on the distance

between amino acid residues, regardless of the method

used to define edges (by direct distance or a distance-based

function), the cutoff distance, Rc, is the key factor which

affects the performance of the network model. For the all-

atom distance model, a favorable cutoff is in the range of

4.5–5 Å, the largest distance that does not accommodate

water molecules between two neighbor residues (Hinds and

Levitt 1992). Based on this cutoff, to get the minimal

average Hamming distance between the networks based on

all-atom links and Ca links, the threshold of Ca is deter-

mined as 7 Å (Bartoli et al. 2007). da Silveira et al. (2009)

carried out more comprehensive work to investigate how

the distance cutoff influences amino acid contact by a

comparative analysis between cutoff-dependent and cutoff-

free methods. They found that 7 Å emerged as an ideal

lower bond cutoff to represent contact in proteins for both

the Ca and side-chain geometric center representation

model. This value is independent of these two representa-

tions because all contacts are complete and legitimate (not

occluded) in the model at this distance. Moreover, they also

reported that biases could be introduced with a cutoff set

below 6.8 Å. In this case, Ca representation models may

introduce a bias toward alpha proteins and side-chain

geometric center representation models introduce a bias

toward beta proteins.

The amino acid network based on distance between

atoms is an abstract description of protein structure, solely

taking into account amino acid contacts at a geometric

level and not the chemical properties of the protein.

Therefore, another approach for the simulation of protein

residue interactions is proposed, employing the energy

between amino acid residues and assigning the energy as

weight of the edges. In one scenario, energy is composed of

two separate energy terms: electrostatic interaction energy

(Coulomb potential) and van der Waals interaction energy

(Lennard-Jones potential). Veloso et al. (2007) constructed

the weighted networks of 12 myoglobins, with atoms as the

nodes and the energy between the atoms as the weighted

edges, and took into account the aspects of occluded

interactions. Vijayabaskar and Vishveshwara (2010) also

modeled protein structures as weighted AANs by summing

the two energy compositions at the residue level averaged

over the equilibrium ensemble. Another scenario is to

estimate the interaction between amino acid residues as

weighted links according to the magnitude of the contact

energy between two residues, as suggested by Miyazawa

and Jernigan (Jiao et al. 2007).

The dynamic-weighted amino acid network is a com-

prehensive method that combines network theory with

dynamical information from molecular dynamics simula-

tions. The methods could provide equilibrium global

properties and have good applications in the analysis of

protein allostery (Vanwart et al. 2012) and signaling

pathways in protein–RNA complexes (Sethi et al. 2009).

The weights of edges between nodes are obtained from the

residuewise cross-correlation values in the simulation

(Sethi et al. 2009; Vanwart et al. 2012). The dynamics-

weighted AANs could then be constructed by the software

PSN-Ensemble (Bhattacharyya et al. 2013), Wordom

(Seeber et al. 2011) and NetworkView (Eargle and Luthey-

Schulten 2012). The detailed description of these software

tools will be shown in a later section on software tools for

construction and analysis of AANs.

Characterization of amino acid network

Degree and degree distribution

In networks, the degree (k) of a node is the number of

connections it has to other nodes. The mean degree kh ið Þ of

a network is the average degree of all nodes and it reflects

the connectivity of the network. Amino acid networks have

an average degree with relatively weak variation when

protein size increases (Alves and Martinez 2007; Gaci and

Balev 2009; Susan 2010). The mean degree kh i increases

relatively quickly for small proteins and then stabilizes in

large proteins for all structure classes (SCOP classification:

a, b, a ? b, and a/b) (Bagler and Sinha 2005). There is a

predominantly lower kh i value for all a proteins compared

with other classes as alpha proteins have a lower percent-

age of more-connected residues than other proteins (Alves

and Martinez 2007).

In Gaci and Balev’s model (2009), where protein

structure is represented as a secondary structure elements

(SSE) interaction network (SSE–IN) (a subgraph induced

by the set of amino acids participating in SSE that ignores

the amino acids not in SSE), regardless of the size of the

network, the average degree is always between 5 and 8,

even for networks with a size ratio of 100. The bound of

the average degree is also related to the percentage of

edges connected to SSEs. Moreover, the mean degree of

1422 W. Yan et al.

123



each SSE subgraph also ranges from 5 to 8 independent of

SSE size and type.

Degree distribution, pk, is the probability that a node has

degree k and the cumulative degree distribution, pk, is the

probability that a node has a degree of at least k. Amino

acid networks have a bell-shaped, Gaussian-like degree

distribution (Greene and Higman 2003; Atilgan et al. 2004;

Bagler and Sinha 2005; Susan 2011), rather than a scale-

free power-law degree distribution, although the latter is

often seen in other biological networks. The degree dis-

tribution of amino acid networks is independent of the

amino acid spatial location; that is, the Gaussian distribu-

tion is valid for both the hydrophobic core and the molten

surface of the globular proteins (Atilgan et al. 2004). One

of the major reasons for deviations from a scale-free degree

distribution is the limited binding capacity of a given

amino acid (excluding volume effects) (Bode et al. 2007).

However, there are two kinds of subnetworks whose

degrees do not follow the Gaussian distribution as whole

AANs. Greene and Higman (2003), and Bagler and Sinha

(2007) have constructed, respectively, a type of subnetwork

that only contains long-range interactions, showing an

exponential type of degree distribution as a single-scale

function with a fast decaying tail. Another type of sub-

network is induced by the set of amino acids participating

in secondary structure elements (SSE) (Gaci and Balev

2009). This is a truncated scale-free network whose

cumulative degree distribution has a power-law regime

followed by a sharp exponential cutoff (Amaral et al.

2000). Average degree values constitute a threshold for

protein SSE–IN cumulative degree.The cumulative degree

slowly decreases when it is lower than the mean degree and

then quickly decreases when it is higher than this threshold.

Assortativity

Assortativity refers to a preference of a network’s nodes to

attach to other nodes and is often examined in terms of

node degree (Newman 2003). Assortativity (or assortative

mixing) is a measure of degree correlation: if the correla-

tion is positive, there is a preference to high (low) degree

nodes to other high (low) degree nodes (otherwise there is

disassortativity). There are two prominent parameters to

capture such a correlation: neighbor connectivity (Pastor-

Satorras et al. 2001) and the assortativity coefficient

(Newman 2002). Based on these two measurements, both

weighted and unweighted amino acid networks exhibit an

assortative mixing pattern (Alves and Martinez 2007; Ba-

gler and Sinha 2007; Susan 2011; Aftabuddin and Kundu

2006). According to Bagler and Sinha’s work (2007), both

amino acid networks and LINs (only contain long-range

interactions) show assortativity, with the correlation coef-

ficient up to 0.58. At the same time, Alves and Martinez

(2007) confirmed this property of AANs and additionally

found that the average degree of the neighboring nodes

knn kð Þh ið Þ on degree k can be described by a linear rela-

tionship. Moreover, the average of knn kð Þh i over all nodes

in one network attained a stationary value for a large net-

work size. Similarly, the assortativity coefficients had a

stationary pattern and the assortative mixing properties of

AANs were independent of protein size (Susan 2011).

Shortest path length

The shortest path length, Lij, is the size of the shortest edge

that connects two nodes (i and j) (Watts and Strogatz

1998). The average path length, L, of a network is the mean

length of the set of shortest paths between all node pairs.

Atilgan et al. (2004) showed that the average of the shortest

path lengths of a residue to all other residues in a protein

consistently decreases for residues at greater depths,

implying that residues in the core of the protein are con-

nected to other residues in a fewer number of steps, and

that the shortest path lengths are also highly correlated with

residue fluctuations. The average path length, L, of AANs

was around 4–7 and of the same order as the corresponding

random networks (Bartoli et al. 2007; Vendruscolo et al.

2002; Bagler and Sinha 2007; Susan 2011; Bagler and

Sinha 2005). Bagler and Sinha (2005) showed that L loga-

rithmically increases with network size, regardless of the

structural classification of proteins. Furthermore, they

found that fibrous proteins had a larger diameter

(Dfibrous = 15), the largest of all shortest path lengths in the

network, compared to globular proteins (Dglobular = 8.57).

The larger diameter of fibrous proteins was expected

because of its elongated structure. Bartoli et al. (2007)

found that the mean values of L for 1,753 protein chains

were exactly the same for different network node repre-

sentations by Ca or all atomic contacts in amino acids. In

addition, according to Susan’s work (2010), the shortest

path length of AANs in 64 proteins demonstrated Gauss-

ian-like distributions. Finally, the shortest path from

energy-based AANs was suitable for investigating finer

details such as communication paths between distal resi-

dues (Vijayabaskar and Vishveshwara 2010).

Cluster and motif

The clustering coefficient, Ci, of a residue i in an AAN

reflects the probability that the neighbors of a node are also

neighbors of each other. The clustering coefficient of a

network is the average over the clustering coefficients of all

nodes and the clustering coefficient of a node is the fraction

of neighboring node pairs that are connected (Watts and

Strogatz 1998). Atilgan et al. (2004) investigated the Ci of

residue i as a function of residue depth in an amino acid
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network and found that Ci of the residues at greater depth

approached a fixed value of *0.35 beyond a depth of about

4 Å irrespective of protein size. The core residues were

found surrounded by other residues and not exposed to the

solvent, and the local packing arrangements of the protein

were always the same. The clustering coefficient, C, of the

AAN was significantly larger than its corresponding ran-

dom network and the mean of C in different datasets ran-

ged from 0.5 to 0.6 (Susan 2010, 2011; Bagler and Sinha

2005; Vendruscolo et al. 2002; Alves and Martinez 2007).

The C values of AANs did not significantly change with an

increase of protein size (Bagler and Sinha 2005; Susan

2010; Alves and Martinez 2007). Bagler and Sinha (2005)

studied the C values of proteins in different structural

classes and found a small but definite difference between

the C values of a proteins and b proteins where the a
proteins had a slightly larger C value than b proteins

(Ca = 0.588, Cb = 0.538). Aftabuddin and Kundu (2006)

reported that C values of weighted networks are less than

unweighted networks, implying that edges with low weight

mainly contribute to topological clustering (Aftabuddin

and Kundu 2006).

A high clustering coefficient is suggestive of potential

modularity in amino acid networks. Larger units, made up

of nodes more densely connected to each other than the rest

of the network, often indicate clusters or communities and

are usually the essential structural units of real networks

(Girvan and Newman 2002). Kannan and Vishveshwara

(1999) presented a method to detect side-chain clusters in

protein structure in an amino acid network using a network

based on the self-defined interaction strength between

residues. They detected a variety of side-chain clusters,

such as hydrophobic clusters, which showed a good cor-

relation with the folding intermediates observed in exper-

iments. Moreover, according to their method, the

determined clusters of AANs corresponded to protein

domains. Vishveshwara et al. proposed a method to iden-

tify sub-clusters as domains through amino acid network

analysis (Sistla et al. 2005). Residue cluster identification

and function will be discussed in the following section.

The largest cluster size is often used to assess whether

there is a phase transition from the percolation point of

view. A giant connected cluster percolates the network,

whereas only smaller clusters are present below a threshold

(critical point) (Deb and Vishveshwara 2009). Brinda and

Vishveshwara (2005) monitored the normalized largest

cluster size (in terms of number of amino acids) in the

AANs at different cutoffs. A remarkable similarity was

found in proteins of various folds and sizes, whereas a

transition was observed within a very narrow range of the

cutoff. By investigating the role of non-covalent connec-

tions in an amino acid network based on Ca contacts and

side-chain interactions, only the latter type of AAN at a

high level of connections (low cutoff Imin) was capable of

clique percolation and none of the random models

(including one very similar to that of proteins) exhibited

clique percolation (Deb and Vishveshwara 2009). In terms

of complex network theory, if a clique had k nodes, then a

community could be defined as the collection of adjacent

k-cliques where each of these cliques share k-1 nodes with

the adjacent clique (Derenyi et al. 2005).

The largest community is a percolated clique. Deb et al.,

therefore, used the terminology of ‘‘largest community’’ for

clique percolation. A similar percolation behavior pattern

was also found in the energy-based unweighted amino acid

network (Vijayabaskar and Vishveshwara 2010), where the

largest cluster size could be calculated as the function of

energy cutoff. They concluded that most of the residues in

proteins are connected with energies between 0 and

-10 kJ/mol and that these connections disappear at high

interaction energies (B-20 kJ/mol). This confirms the

concept that hydrophobic interactions hold together the

local clusters of highly interacting residues, keeping the

protein topology intact.

Small worldness

The small-world network is a model often used to describe

biological complex systems such as protein interaction

networks (Bork et al. 2004), gene co-expression networks

(van Noort et al. 2004), and complex brain networks

(Sporns et al. 2004). Small-world topology is characterized

by a small average shortest path length, L, and larger

clustering coefficient, C (L should logarithmically increase

with network size) (Watts and Strogatz 1998; Watts 1999).

Amino acid networks represent small-world properties in

physical distance-based and energy-based models (Jiao

et al. 2007; Veloso et al. 2007). Vendruscole et al. (2002)

first reported the small-world behavior of amino acid net-

works. Greene and Higman (2003) confirmed that amino

acid networks have small-world properties while long-

range amino acid interaction networks do not have small-

world topology.

Amino acid networks exhibit small-world topology

regardless of their structure classes (e.g., SCOP classifi-

cation (a, b, a ? b, and a/) or classification as fibrous or

globular proteins) (Bagler and Sinha 2005), distance cutoff

values for construction of the amino acid network (Atilgan

et al. 2004; Bartoli et al. 2007), selected protein repre-

sentations (Ca or all-atom), and residue composition in the

studied protein (Bartoli et al. 2007). Furthermore, both

hydrophobic and hydrophilic amino acid networks of pro-

tein complexes exhibit small-world properties (Chang et al.

2008). In addition, work by Yu et al. (2009) indicated that

AANs constructed by peptide and hydrogen bonds, Lon-

don-van der Waals forces, and hydrophobic effects, show
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strong, very strong, and relatively weak small-world

properties, respectively. According to the results of Bartoli

et al. (2007), backbone constraints play a fundamental role

in determining small-world properties. They also con-

cluded that the average path length, L, and clustering

coefficient, C, are not useful quantities for ‘‘protein fin-

gerprinting’’. However, Morita and Takano (2009) con-

cluded that the amino acid network of native protein

structure fractal networks is not a small-world network.

Software tools for construction and analysis of AANs

Several software tools have been developed for the con-

struction of AANs in the past years (see Table 2). AANs

are usually constructed from PDB files. Seeber et al. (2011)

developed a model for constructing AANs based on the

strength of non-covalent interactions from side chains,

proposed by Vishveshwara et al., using the Wordom pro-

gram (Kannan and Vishveshwara 1999; Brinda and Vish-

veshwara 2005). RING is a web server that derives amino

acid networks using three different definitions of the edge:

Van der Waals contacts, closest atomic distance, and alpha

carbon distance (Martin et al. 2011). The resulting net-

works can be visualized with Cytoscape (Saito et al. 2012;

Smoot et al. 2011; Cline et al. 2007; Shannon et al. 2003).

RINerator distinguishes different residue interaction types

and quantifies the strength of individual interactions,

resulting in an undirected weighted network with multiple

interaction edges (Doncheva et al. 2011). Weights of edges

between residues are proportional to the strengths of the

interactions.

Tools have recently been developed to generate the

dynamics of AANs from Molecular Dynamic (MD) simu-

lations or a set of protein structures. Using MD trajectory

data, JGromacs constructed the dynamic weights of AANs,

with weights defined from correlations between monomers

calculated over the course of the MD simulation (Munz and

Biggin 2012). NetworkView focuses on the generation of

AAN dynamics in protein–RNA complexes (Eargle and

Luthey-Schulten 2012). More recently, Bhattacharyya et al.

(2013) developed a standalone and exhaustive tool named

PSN-Ensemble to generate three types of AANs: side

chain-based AANs, Ca-based and weighted AANs from

MD simulations, as well as NMR and multiple X-ray

structures.

The construction tools mentioned above have provided

functions from amino acid network analysis. For example,

the Wordom module PSN writes an output file that contains

detailed information about average interaction strength,

hub information, stable cluster composition, and largest

cluster size. RING can produce subnetworks with a user-

defined conservation or relative solvent accessibilityT
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Table 3 Application of amino acid network in protein science

Network type Network parameter Application References

Node: residue Degree: maximum degree and average

degree

Discriminate the non-native and

native structures

(Muppirala and Li 2006;

Pabuwal and Li 2008)Edge: use different distance cutoff

Node: Ca Average degree Discriminate the non-native and

native structures by Z score and

enrichment score

(Vassura et al. 2009)

Edge: the residues are in contact if

the distance between the nodes

less than Rc = 8 Å

Normalized complexity

Network flow

Weighted flow

Connectivity

Weighted connectivity

Node: Ca Degree Discriminate the non-native and

native structures by classification

methods

(Küçükural et al. 2008)

Edge: the residues are in contact if

the distance between the nodes

less than Rc = 6.8 Å

Clustering coefficient

Second connectivity

Node: residue The number of non-covalent

interactions (ncov)

Discriminate the non-native and

native structures by Z score

(Chatterjee et al. 2012)

Edge: strength of non-covalent

interactions based on atom–atom

contact from side chain

Largest cluster size (slclu)

The clustering coefficient of the

largest cluster (ccoe)

The size of the top large communities

(ccoms)

Node: Ca Betweenness Key residues for protein folding (Dokholyan et al. 2002)

Edge: the residues are in contact if

the distance between the nodes

less than Rc = 8.5 Å

Node: Ca Impact of edge removal per residue

based on average path length

Protein unfolding rate (Jung et al. 2005)

Clustering coefficientEdge the residues are in contact if

the distance between the nodes

less than Rc = 8 Å

Node: Ca Coefficient assortativity Protein-folding rate (Bagler and Sinha 2007)

Edge: the residues are in contact if

the distance between the nodes

less than Rc = 8 Å

Clustering coefficient

Node: residue Largest cluster size Unfolding process kinetics (Ghosh et al. 2007)

Edge: strength of non-covalent

interactions based on atom–atom

contact from side chain

Node: Ca Average shortest path length Protein-folding kinetics: (Dokholyan et al. 2002)

Pretransition state

Posttransition state

the residues are in contact if the

distance between the nodes less

than Rc = 8.5 Å

Node: residue Hub distribution Compare the mechanical unfolding

of wild-type rhodopsin with

mutants

(Fanelli and Seeber 2010)

Edge: strength of non-covalent

interactions based on atom–atom

contact from side chain

Node: residue Laplacian matrix Identify the side-chain cluster and

crucial residues at the dimer

interface of a-subunit in

Escherichia coli RNA

polymerase

(Kannan et al. 2001)

Edge: strength of non-covalent

interactions based on atom–atom

contact from side chain

Cluster

Node: residue Laplacian matrix Analysis of homodimeric proteins

interface

(Brinda et al. 2002)

Edge: strength of non-covalent

interactions based on atom–atom

contact from side chain

Cluster
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Table 3 continued

Network type Network parameter Application References

Node: residue Clustering Characterize the modular

architecture of protein–protein

interfaces

(Reichmann et al. 2005)

Edge: different cutoff for different

type of interactions

Weight:

One for atomic backbone–side

chain interaction

Two for side-chain–side-chain

interaction

Node: residue Laplacian matrix Characterize the oligomeric

interface of lectins

(Brinda et al. 2005)

Edge: strength of non-covalent

interactions based on atom–atom

contact from side chain

Cluster

Hubs

Node: residue Small world Identify key residues in protein–

protein interaction and find their

correlation to the hotspots

(del Sol and O’Meara 2005;

del Sol et al. 2005)Edge: two residue are in contact if

at least one pair atoms of the

residues at a distance B5 Å

Betweenness

Node: residue Minimum cut tree Identify key residues in protein–

protein interaction, especially the

hotspots and hot regions

(Tuncbag et al. 2010)

Edge:

Two residues (one from each

chain) are in contact if the

distance between at least one pair

atoms of the residues smaller

than the sum of their van der

Waals radii plus a 0.5 Å

tolerance

Two residues (within one chain)

are in contact if the distance

between the Ca of the residues is

less than 6 Å

Edges weight: knowledge-based

potentials

Node: residue EVT values based on random walk Model allosteric signal

propagation by ETV profile and

found correlation between

hotspots and residues with high

ETV values

(Park and Kim 2011)

Edge: two residues are in contact if

at least one pair atoms of the

residues at a distance smaller

than specific distance cutoff

Weight: affinity values based on

the number of heavy atoms of

two residues and total number of

atom–atom contacts between the

residues

Node: residue Degree Define protein–protein docking

scoring function and find the

difference between the AANs of

correct docked complex and

incorrect ones.

(Chang et al. 2008)

Edge: two residue are in contact if

at least one pair atoms of the

residues at a distance B5 Å

Clustering coefficient

Average shortest path length

Node: geometrical center of amino

acid side chain

Weighted average nearest neighbors

degree

Define protein–protein docking

scoring function

(Jiao and Chang 2011)

Edge: two nodes are in contact If

the distance between the node is

less than 6.5 Å

Weights: knowledge-based

potential (contact energy)

Node: residue Closeness centrality Identify functional important

residues of protein

(Amitai et al. 2004)

Edge: based on the atomic contacts

from each residue

1428 W. Yan et al.

123



Table 3 continued

Network type Network parameter Application References

Node: residue Closeness centrality Identify functional important

residues in protein families

(del Sol et al. 2006)

Edge: two residue are in contact if

at least one pair atoms of the

residue side chain at a distance

B5 Å

Node: residue Shortest path Identify functional important

residues of protein

(Cusack et al. 2007)

Edge: Betweenness

two residue are in contact if Dynamic connectivity and its

distributionAt least one pair atoms of the

residues within the cutoff

Center of mass were within the

cutoff

Node: residue

Edge: two residue are in contact if

at least one pair atoms of the

residues at a distance B5 Å

Betweenness

Shortest path length

Study the relationship of the

substrate entrance in the active

site and protein stability of

mammalian histidine

decarboxylase

(Pino-Angeles et al. 2010)

Node: residue Degree Predict catalytic residues in

proteins

(Li et al. 2011a)

Edge: two residues are in contact if

the distance between at least one

pair atoms of the residues

smaller than the sum of their van

der Waals radii plus 2 Å

Clustering coefficient

Hubscore

Cocitation

Constraint

Betweenness

Closeness centrality

Shortest path length

Node: residue Degree Identify functional residues and

functional modules clusters of

rhodopsin

(Park and Kim 2012)

Edge: two residue are in contact if

at least one pair atoms of the

residues at a distance B5 Å

Clustering coefficient

Weight: co-evolution score

Node: geometrical center of amino

acid side chain

Degree Predict disease-associated

substitution of a single amino

acid

(Li et al. 2011b)

Clustering coefficient

Edge: two nodes are in contact If

the distance between the node is

less than 6.5 Å

Closeness

Betweenness

Node: Cb and Ca for glycine

residues

Connectivity Characterize the shortest path

length in reduced network that

under screen edges that have

higher than a cutoff potential

(Atilgan et al. 2007)

Shortest path length

Edges: if the distance between the

node is less than 6.7 Å

Weights: knowledge-based

potential (contact energy)

Node: residue Clusters Identify the residues crucial for

stabilizing the folding units and

the paths can communication

between distal residues in the

protein.

(Vijayabaskar and

Vishveshwara 2010)Weights: the summation of the

electrostatic interaction energy

(Coulomb potential) and the van

der Waals interaction energy

(Lennard-Jones potential)

between two amino acid

Hubs

Shortest path

Closeness index

Node: residue Shortest path Identify key amino acids that are

responsible for communication

between the extracellular and

intracellular poles of the LHR

(Angelova et al. 2011)

Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Hubs
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Table 3 continued

Network type Network parameter Application References

Node: Ca Degree Predict protein surface residues (Huang et al. 2007)

Edges: distance cutoff between

nodes Rc = 6.5 Å

Betweenness

Closeness

Clustering coefficient

Model one: Laplacian matrix Identify domains and domain

interface residues in proteins

(Sistla et al. 2005)

Node: Ca

Edges: distance cutoff between

nodes Rc = 6.5 Å

Cluster

Model two:

Node: residues

Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Node: residues Shortest path Communication pathways between

the anticodon region and

aminoacylation site in

methionyl-tRNAsynthetase

(Ghosh and Vishveshwara

2007)Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Node: residues Cluster Intra and intermolecular

communications in proteins

(Vishveshwara et al. 2009)

Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Hub

Degree distribution

Size of largest cluster

Shortest path

Node: residues Laplacian matrix Identify functionally important

amino acid residue clusters in the

vicinity of the protein–DNA

interaction site

(Sathyapriya and

Vishveshwara 2004)Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Cluster

Node: residues and Nucleotides Clusters Characterize the protein–DNA

interactions by an undirected

bipartite graph

(Sathyapriya et al. 2008)

HubsEdges: strength of non-covalent

interactions based on atom–atom

contact from residue side chain

and nucleotide

Node: residues Cliques Clique and community pattern in

protein structures and inter-

domain communications

(Ghosh and Vishveshwara

2008)Edges: strength of non-covalent

interactions based on atom–atom

contact from two residue side

chain

Communities

Hubs

Shortest path

Node: residues Shortest path Intra and inter subunit

communication in human

tryptophanyl-tRNA

(Hansia et al. 2009)

Edges: strength of non-covalent

interactions based on atom–atom

contact from two residue side

chain

Clusters

Node: residues

Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Laplacian matrix Investigate the factors contribute

to the thermal stability of

thermophilic proteins

(Kannan and Vishveshwara

2000)Cluster

Node: Residues Largest cluster size Protein stability (Brinda and Vishveshwara

2005)Edges: strength of non-covalent

interactions based on atom–atom

contact from side chain

Hub

Degree distribution

Edge number
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threshold. PSN-Ensemble can also calculate network

parameters such as hubs, clusters, K-cliques, communities,

paths, and cost of communication.

Beyond these construction tools, several tools based on

different platforms have recently been developed for the

analysis and visualization of AANs. Cusack et al. (2007)

developed a Java-based program called JAMMING to

capture the crucial residues for protein function from

AANs. RINalyzer is a Cytoscape plug-in that especially

visualizes an amino acid network and analyzes weighted

AANs. It is the only tool that supports the simultaneous

view of an amino acid network in 2D and the corre-

sponding protein structure in 3D by connecting Cytoscape

to the UCSF Chimera molecular structure viewer (Don-

cheva et al. 2011). In particular, Doncheva et al. (2012)

even provided a workflow and protocol that demonstrates

how to combine Network Analyzer and RINalyzer for the

comparison of multiple AANs. Moreover, some tools, such

as the xPyder (Pasi et al. 2012) and NetworkView (Eargle

and Luthey-Schulten 2012), not only deal with amino acid

networks from the PDB file but also analyze and visualize

AANs from MD trajectory data, providing more insight

into the dynamic features of the residues. xPyder, a Py-

MOL plugin, is a useful tool to identify and visualize

common network parameters, including hubs and isolated

components, as well as intra- or intermolecular interactions

(Pasi et al. 2012). In comparison, NetworkView pays more

attention to the display and analysis of protein–RNA

interaction networks, and identifies major communication

pathways by edge betweenness (Eargle and Luthey-

Schulten 2012).

We compared the number of Google Scholar citations of

these software tools before 2013 (see Table 2) and found

that Wordom, RINerator, and RINalyzer were the most

cited tools (cited more than 20 times), as well as general

network analysis software for amino acid network analysis,

including R packages, [e.g., igraph (Csardi and Nepusz

2006), sna (Handcock et al. 2008), tnet (Opsahl et al.

2010)], the Java framework JUNG (Madadhain et al.

2005), the Python package NetworkX (Hagberg et al.

2008), CFinder (Adamcsek et al. 2006), and Cytoscape

plug-ins such as NetworkAnalyzer (Assenov et al. 2008)

and ClusterMaker (Morris et al. 2010).

Application of amino acid networks

The amino acid network view of a protein has brought new

insight into protein science. In this section, we summarize

the application of AANs to hot topics in protein science,

including protein-folding, protein–protein interactions,

identification of functionally important residues, commu-

nication within and between proteins, and the thermal

stability of proteins. The type of networks and their cor-

responding applications are summarized in Table 3.

Protein folding

Since most proteins attain their functionality through their

unique and native three-dimensional states, accurately

predicting protein folding is a central objective in structural

biology. Rationalizing the formation of native states from a

topological point of view is an important strategy for this

objective. Alm and Baker (1999) even suggested that

‘‘protein folding mechanisms and landscapes are largely

determined by the topology of the native state and are

relatively insensitive to details of interatomic interac-

tions.’’ Betweenness with larger values based on AANs

have been used to determine the role of three key residues

in the process of protein folding (Vendruscolo et al. 2001,

2002).

Discrimination of native structures from non-native

structures

An important aspect of understanding the protein-folding

mechanism is to discriminate native structures from non-

native ones. Different types of AANs and many topologi-

cal-based score functions that have been used to distinguish

native and non-native structures are completely indepen-

dent of the primary protein structure. Using the maximum

degree and the number of residues with that maximum

degree, in non-native state and native state AANs, to

identify non-native structures exhibited a better perfor-

mance in most cases compared to hydrophobic fitness (HF)

score and Evolutionary Trace (ET)-based scores (Muppir-

ala and Li 2006). Non-native structures had either a smaller

value of the maximum degree or fewer numbers of residues

with the same maximum degree than native ones. Similar

results were also found when discriminating non-native

states from the native-state of helical membrane proteins

(Pabuwal and Li 2008), using an AAN model with a

backbone level network that takes the Ca as a node. Vas-

sura et al. (2009) also employed Ca representation AANs

and seven network properties (average degree, contact

order, normalized complexity, network flow, weighted

flow, connectivity, and weighted connectivity) to define the

Z score and enrichment score to check whether the native

structure ranked high. The results indicated backbone

geometry as one of the most relevant pieces of information.

Using several classification methods, Küçükural et al.

(2008) defined a function to combine the degree, clustering

coefficient, second connectivity, and Jernigan potential

scores to distinguish native structures from decoys and

found that network properties have more discriminating

power. In particular, the degree and clustering coefficient
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accuracy was as high as 98.72 %. Recently, Chatterjee

et al. (2012) used AANs based on the strength of non-

covalent interactions from atom–atom side-chain contacts

to identify native structures from decoys. First, they char-

acterized the network properties of AANs of native struc-

tures that could provide a reference scale to assess the

quality of decoy structures. They investigated four-network

parameters: the number of non-covalent interactions

(NCov), the largest cluster size (SLClu), the clustering

coefficient of the largest cluster (CCoe), and the size of the

top large communities (CComS). After providing a statis-

tical range of the native protein from the parameters, rank

and Z scores of the native structures compared to decoys

for the parameters showed a good performance but were

dataset specific. Moreover, higher-order network parame-

ters, like CCoe and CComS, identified native structures

more effectively than NCov and SLClu. Most recently, we

successfully developed an integrated score function

(SVR_CAF) which incorporates the contact energy-based

score (CE_score), amino acid network-based score

(AAN_score), and the fast Fourier transform-based score

(FFT_score) to discriminate native structures from decoys

(Zhou et al. 2013).

Protein-folding kinetics

The problem of protein-folding kinetics is an important

issue and the network concept can be used to investigate

the different aspects. First, key residues critical for

protein folding can be predicted by the network method.

Dokholyan et al. (2002) showed that the key residues,

acting as nucleation for protein folding, have large

betweenness values in the protein transition states. Sec-

ond, some network properties show some degree of a

relationship with protein unfolding and folding rates.

Jung et al. (2005) found that the impact of edge removal

per residue, the ratio of the change of the average path

length divided by the protein’s size to edge removal

probability, had a high correlation with protein unfolding

rate. Bagler and Sinha (2007) found that the network

parameter coefficient of assortativity has a positive

correlation with protein-folding rates at both short and

long contact scales. In contrast, the clustering coefficient

of AANs only constructed by long interactions exhibited

a negative correlation with protein-folding rate. From

these two works, neither the folding rate nor unfolding

rate showed any significant relationship with the clus-

tering coefficient of the AANs.

Finally, by investigating the topological properties of

AANs and network evolution of molecular dynamic tra-

jectory data, the whole process of folding and unfolding

can be monitored. For example, the transition states during

folding and unfolding have revealed important features

about the process. Using two well-characterized proteins,

CI2 and C-Src SH3, Dokholyan et al. (2002) determined

the topological difference of AANs between two protein

transition states, pretransition states and posttransition

states. They found that average shortest path lengths for

posttransition conformation AANs were smaller than those

for pretransition conformation AANs. The difference in

average shortest path length, L(i) (defined as the mean

shortest path length between the node i and the rest of the

network nodes), between the pre- and posttransition state

had the largest values for the experimentally identified

folding nucleus. During the protein-folding process, most

connected residues decreased the number of edges and the

small worldness of the AANs increased as the protein

structure becomes more and more compact (Dokholyan

et al. 2002). Ghosh et al. (2007) monitored the unfolding

simulations of T4 lysozyme by following the largest cluster

size, and found that the cluster size was large in the

equilibrium simulation and considerably decreased as the

simulation temperature increased. Jiao et al. (2007) con-

structed contact energy-based weighted AANs on the MD

trajectory of protein CI2 and found that protein unfolding is

mainly caused by the derogation of the hydrophobic core

and that the shortest path lengths increased in the unfolding

process. Moreover, the unfolding behavior is also associ-

ated with the loss of many hubs in the native state and the

native hubs showed a correlation in experimental mutation

results. Some non-mutated hub residues are predicted to be

the targets of mutation for protein destabilization. Fanelli

and Seeber (2010) combined atomistic steered molecular

dynamics, single-molecule force spectroscopy, and AAN

analysis on bovine rhodopsin to compare the mechanical

unfolding of wild-type rhodopsin with that of mutants.

From the analysis of the distribution of highly connected

nodes they found a diffuse intramolecular communication

inside and between two poles of the helix bundle and that

selected mutations shared a more or less marked ability to

impair hubs in the AAN.

Protein–protein interactions

Identifying and understanding the underlying principles of

protein–protein interactions are other essential applica-

tions of AANs, since many proteins carry out their cel-

lular functions by interacting with other proteins.

Different methods are available to investigate protein–

protein interactions based on the characterization of local

geometrical, chemical, and energetic features of the

interfaces. Analysis of AANs of protein–protein com-

plexes provides a global perspective on the interaction

across the interface, which is difficult to obtain from

pairwise interaction analysis or from the loss of accessible

surface area calculations.

1432 W. Yan et al.

123



Characteristics of protein interfaces

By applying amino acid network methods, several attempts

have been made to capture the characteristics of protein

interfaces. Kannan et al. (2001) applied AANs to identify

the side-chain cluster at the dimeric interface of the a-

subunit in Escherichia coli RNA polymerase (RNAP). A

nine-residue cluster was identified in the subunit interface

adjacent to the hydrophobic core and most of the cluster

residues were topologically and sequentially conserved in

T. aquaticus RNAP crystal structures. Two residues, F35

and I46, were predicted as crucial for the stability of the a-

dimer interface. Brinda et al. (2002) also used the same

AAN representation to identify side-chain clusters at the

dimer interface and the center of these clusters in a set of

homodimeric proteins. Their results indicated that both

charged and hydrophobic residues are involved in stabi-

lizing the dimer interface, and that arginine, histidine,

phenylalanine, tyrosine, and glutamic acid seem to be the

most preferred residues. Furthermore, from a weighted

analysis of AANs, the interface between proteins was

found to have a modular architecture, with clusters of

residues containing both strong and weak intra-cluster

interactions (Reichmann et al. 2005). Mutation in one

module did not affect residues located in a neighboring

module but caused complex energetic and structural con-

sequences within the module (Reichmann et al. 2005). In

addition, the network-based method performed with the

sequence alignment method has provided signature

sequence motifs characterizing the protein–protein inter-

face in multimeric proteins like lectins (Brinda et al. 2005)

and the AAN approach was found ideally suited for the

detection such motifs through clusters at the interface.

AAN analysis identified the important binding hot spots

that significantly contribute to binding free energy at the

protein interface. Brinda et al. (2002) found that the side-

chain clusters detected at the interface of a set of

homodimeric proteins correlated well with the location of

hot spots at the protein–protein interfaces. From the small-

world network perspective, (del Sol and O’Meara 2005; del

Sol et al. 2005) used betweenness to identify the highly

central residues that frequently occur at protein interfaces.

These identified residues were either experimentally

determined hot spots (clustered into tightly packed regions

called hot regions) or in direct contact with experimental

hot spots. Based on weighted amino acid networks,

Tuncbag et al. (2010) proposed a minimum cut tree method

to extract hot spots and their organization. The most con-

nected residues in the mincut tree generally corresponded

to hotspots and the cluster residues corresponded to hot

regions. Recently, by constructing an amino acid network

and modeling signal transmission with a Markov random

walk, Park and Kim (2011) defined the expected visiting

time (EVT), which describes the signal-induced effects

caused by signal transmission through all possible routes,

to estimate the global perturbation effects from particular

signal initiation sites. As a result, they found that hot spots

have significantly high ETV values.

Protein–protein docking

Amino acid network analysis is used to assess protein–

protein docking to forecast complex structure based on the

structure of two monomers. Chang et al. (2008) constructed

a hydrophobic and hydrophilic amino acid network of a

protein–protein complex and defined the simple scoring

terms that composed the network parameters, the degree

and clustering coefficient. Scoring functions including

these two network-based scoring terms from the hydro-

phobic and hydrophilic amino acid network showed a

better performance than the energy function score, and it

also permitted improvements to the scoring function of

RosettaDock when combined with other energy terms.

Moreover, they also found that correctly docked complex

conformations had higher degree values and lower clus-

tering coefficients than incorrect ones. Jiao and Chang

(2011) constructed a weighted amino acid network by

assigning the contact energy to the network links on 42

dimer complexes. The strength (the sum of all link weights

of a network) and the weighted average nearest neighbor

degree were employed to define a scoring function. Com-

pared with the pair potential scoring functions, the net-

work-based scoring function had a similar performance to

the pair potentials on some items, but a better success rate

due to its simplicity and clarity in calculation.

Identifying functionally important sites

Identifying functionally important sites in proteins is a

difficult task and further complicated when there are few or

no recognizable homologs. Fortunately, viewing protein

structure as an amino acid network provides a novel aspect

into the identification of functional sites, as it does not rely

on sequence conservation or any prior knowledge. The

closeness value, a network parameter used to measure res-

idue centrality, was found to associate with active sites

(Amitai et al. 2004; del Sol et al. 2006). Combining

closeness centrality and surface accessibility, Amitai et al.

(2004) predicted 70 % of active-site residues in enzyme

families. The correlation between centrally conserved

positions and active-site residues was particularly strong for

enzyme families compared with non-enzyme families.

Many centrally conserved amino acids were clustered with

active-site residues in cavities or clefts (del Sol et al. 2006).

Cusack et al. (2007), identified crucial residues for protein

function through determining the most traversed residues in

The construction of an amino acid network 1433

123



networks based on shortest path and betweenness. Recently,

Li et al. (2011a) provided a more comprehensive method to

predict catalytic residues, taking several network parame-

ters into account, especially the novel descriptor description

of network signal communication and the layered descrip-

tion of the structure environment they developed based on

shortest path length. Furthermore, Huang et al. (2007)

defined four-network parameters by normalizing common

network parameters (e.g., degree, clustering coefficient,

closeness, betweenness) to predict protein surface residues

and found that the best new parameter was based on degree.

Network parameters are also used to investigate func-

tional modules in proteins. The aromatic clusters are

located close to the active site of the thermophilic enzyme

(Kannan and Vishveshwara 2000). Pino-Angeles et al.

(2010) found that the betweenness centrality set conforms

one patch in the active site in each monomer of the enzyme

histidine decarboxylase (HDC) and that the active site

particularly influences the loop region of HDC. Park and

Kim (2012) encoded typical co-evolutionary information

into the amino acid network using structure-based corre-

lation mutation analysis (SCMA) to identify functional

residues and functional module clusters with distinct

functional roles in rhodopsin.

Network topological features can be also used to predict

disease-associated single amino acid polymorphisms. Since

disease-associated mutations usually occur at residues with

a high centrality value and/or high degree values, neigh-

boring residues around a mutation site can help determine

whether a mutation is disease-related (Li et al. 2011b).

Intramolecular and intermolecular communications

Intramolecular and intermolecular protein communication

is crucial for their biological functions. Studies based on

intramolecular communications in protein amino acid

networks have mainly focused on communications between

protein segments, such as residues and domains. The

communication paths in protein structures could be eval-

uated as the shortest path between protein segments. From

this perspective, Atilgan et al. (2007) constructed

unweighted and weighted amino acid networks based on

knowledge-based potential, screened edges higher than a

cutoff potential, and calculated the shortest path lengths in

these reduced networks, while keeping chain connectivity.

The shortest path lengths from the reduced unweighted

networks, with only the strongest few non-bonded pairs,

closely reproduced the strong shortest path lengths from

the weighted networks. In addition, a diverse optimal path

emerged for robust residue communication under different

perturbations.

Recently, combined with in vitro mutational analysis,

Angelova et al. (2011) used an amino acid network to

analyze wild-type luteinizing hormone receptor (LHR) and

two active mutants, and found that the conserved amino

acids, network hubs in both inactive and active states, were

responsible for communication between the extracellular

and intracellular poles of the receptor. Moreover, AAN

analysis successfully separated domains and identified

domain interface residues in multidomain proteins (Sistla

et al. 2005). Pino-Angeles et al. (2010) even found that the

central patches defined by betweenness communicate sig-

nificantly better with the loop region of the opposite

monomer than with the rest of the histidine decarboxylase

(HDC).

Vijayabaskar and Vishveshwara (2010) constructed a

weighted amino acid network based on energy. They

identified and elucidated the features of energetically

favorable paths between functionally important residues. In

addition, Vijayabaskar and Vishveshwara (2010) used their

energy-based AAN to examine allosteric communications

in PDZ domains. Changes in AANs upon ligand binding

altered the shortest paths and closeness index of a small

portion of residues, indicating that allosteric communica-

tion is anisotropic in PDZ domains.

Aminoacyl-tRNA synthetases are another excellent

example of proteins used for analyzing the influence of the

intra-communication of a ligand bound to a protein as there

is long distance communication between the aminoacyla-

tion site and the anticodon binding site. Based on AAN

analysis, several case-specific studies have been performed

to investigate the intra-communication in these proteins.

Combined with molecular dynamic simulations, amino

acid network analysis can be used to obtain the commu-

nication paths between the anticodon region and the am-

inoacylation region of different liganded states of

methionyl-tRNAsynthetase (MetRS) (Ghosh and Vish-

veshwara 2007). The communication path is strongly cor-

related and unique to the enzyme complex. The path

lengths between the anticodon sites and aminoacylation

sites are significantly short and strongly correlated when

MetRS binds to both tRNA and methionyl-AMP (Vish-

veshwara et al. 2009; Ghosh and Vishveshwara 2007). In

addition, four communication paths between the active-site

region and the anticodon region of MetRS were identified

(Ghosh and Vishveshwara 2007). The paths between the

residues, which take part in cliques, communities, and hubs

in the MetRS complex were also investigated to understand

detailed inter-domain communications (Ghosh and Vish-

veshwara 2008).

A similar analysis was also performed on human try-

ptophanyl-tRNA synthetase (TrpRS), which requires two

molecules of tRNA for aminoacylation (Hansia et al.

2009). The communication path between the anticodon

binding domain and the catalytic domain of the TrpRS

dimer is far more complex compared to monomeric
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MetRS, as the communication path between these two

domains is short and more frequent than intra-subunit

communications and the frequency is different. In addition,

the strength of the dimer interface interaction depends on

the type of ligand that binds to the protein. Most recently,

Szalay and Csermely (2013) defined a measure of dynamic

network centrality, which they termed perturbation cen-

trality, to correctly identify the amino acids participating in

allosteric signaling in AANs and binding sites.

Besides inter-communication in protein–protein com-

plexes, intermolecular interaction in protein–DNA com-

plexes is another important issue to understand. To gain

insight into the mechanisms of protein–DNA binding and

recognition, investigations were carried out on local inter-

actions at the interface whereas the amino acid network

could provide a whole view of the interacting surface.

Protein–DNA complexes have been classified on the basis

of structural descriptors (Prabakaran et al. 2006). Side-chain

clusters comprised of Arg, Lys, Asn, Gln, and aromatic

residues from proteins were found to interact with DNA by

the work of Sathyapriya and Vishveshwara (2004). They

found that half of the proteins in their dataset interacted

with DNA through the amino acid clusters, and the rest

interacted through individual residues. The clusters contain

predominantly more Arg (than Lys, Asn, and Gln) and more

residues (Phe, Tyr, and Arg) have been identified as con-

served and interactive with DNA. However, the interacting

DNA nucleotides were not considered part of the networks;

hence, Vishveshwara and the collaborators improved the

model by representing the protein–DNA complex as a

bipartite graph where the amino acids comprised one node

set and the nucleotides constituted the other node set (Sat-

hyapriya et al. 2008). In this study, clusters of interacting

residues and hubs were identified along the protein–DNA

interface and have brought out the specific features of

interactions in b-sheet proteins. Moreover, they also pro-

posed a potential classification scheme for protein–DNA

complexes based on the interface clusters.

Thermal stability

Various factors have been found to contribute to the ther-

mal stability of thermophilic proteins, such as the number

of salt bridges, internal packing, and hydrogen bonding

(Jaenicke and Bohm 1998; Ladenstein and Antranikian

1998). Based on AAN network analysis, Kannan and

Vishveshwara (2000) found that aromatic side-chain clus-

ters in thermophilic proteins were involved in imparting

thermal stability to proteins and that the clusters were

mostly located on the protein surface, usually in small

sizes. Applying the same strategy, Brinda and Vish-

veshwara (2005) identified amino acid hubs that contribute

to the stability of thermophilic proteins and predicted a few

residues in thermophilic and mesophilic proteins that can

be mutated to alter their thermal stability. Since many

network parameters (hubs, number of edges, edge/note

ratio, and largest cluster size) were higher in thermophilic

proteins than their mesophilic counterparts, they suggested

that network parameters were able to account for the

additional stability of thermophilic proteins, although there

was no single parameter that can be used to predict the

stability.

Conclusions and perspectives

The amino acid network provides a holistic view of pro-

teins and protein complexes. Residues in proteins are in

contact with each other, but their positions and confor-

mations are restricted to ensure the maintenance of protein

structures. Therefore, AAN analysis allows one to focus on

individual amino acid residues and their interactions, and it

also provides additional insight into protein function,

structure, stability, and folding.

An amino acid network may be represented through

different aspects (geometry, chemistry, and energy) and at

different levels, such as the single-atom (Ca, Cb, and cen-

troid of side chain) level or all-atom level, by appropriately

defining the nodes and edges. In this review, we summa-

rized various AAN construction methods with different

definitions for nodes and edges and investigated their

applications in protein science. AANs, depending on their

construction, can be applied to achieve different biological

objectives.

AANs, where Ca, Cb, or the geometric center of the side

chain represents nodes and edges, exist when the distance

between the nodes are within a cutoff. They can reveal the

gross information of proteins and make calculations com-

putationally inexpensive. However, such AANs are unli-

kely to change when the protein experiences minor

perturbations, such as the binding of a ligand; thus, AAN

simplification may not be suitable for studies under this

context.

AAN models, including the all atoms (Greene and

Higman 2003) and only side-chain atoms (Kannan and

Vishveshwara 1999; Brinda and Vishveshwara 2005) of the

residue model, can capture details of residue interactions.

The wealth of information about intra- and intermolecular

interactions allows a better understanding of protein

dynamics, such as ligand-induced conformational changes.

Weighted AANs, based on interaction energy or contact

energy among amino acids, consider not only the geometry

but also the chemistry of the interaction, and thus have the

potential to provide more insights into protein structure,

stability, and function (Vijayabaskar and Vishveshwara

2010; Jiao and Chang 2011).
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The advantage of AAN representation is that it takes into

account the global topology, chemistry, and even energy

information, rather than only the local information of pro-

teins. In addition, the analysis of AANs is computationally

much less expensive compared to molecular dynamics

simulations and many other computational tools, and are

also extremely efficient. Moreover, complex network

parameters (e.g., betweenness, shortest path, clustering

coefficient, clique, and small world) are likely to provide

new insight into the structure, function, stability, folding

and even the evolution of proteins. Finally, the perspective

of network evolution as the rewiring of amino acid networks

may also play a role in protein dynamics in the future.
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