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Abstract— Protein Protein Interaction (PPI) can be considered 
as network. Alignment is the process of mapping nodes from one 
network to another network. The main objective of network 
alignment is to identify small, well defined interactome units such 
as protein complexes or conserved pathways that are analogous 
in the input network. Network alignment uncovers the 
relationship between protein complexes and functions. Similarity 
between two graph structures can be identified by evaluating the 
topology. Network alignment identifies either topological or 
sequential similarity. Gene annotations reveal the functional or 
sequential similarity and it can be evaluated based on semantic 
similarity. In this paper, we review the various network aligners 
and classify them according to the methodologies. We discuss the 
different evaluation metrics and the popular databases of protein 
interactions. 

Keywords—gene annotations, network alignment, protein protein 

interaction, sequential similarity, topological similarity  

I.  INTRODUCTION  

Proteins are the macromolecules responsible for majority of 
activities in any living organism. Protein interactions can be 
visualized as a network, where proteins represent vertices and 
their interactions denote edges [1]. Representing biological data 
as graph or network speeds up the analysis and two networks 
can be compared by graph alignment [2]. Network alignment is 
the equivalent to sub graph isomorphism and it is NP complete. 
PPI interactions can be transient or stable. 

Network alignment can be global network alignment or 
local network alignment. Local network alignment matches 
smaller regions of similarity across network. Local network 
alignment considers substructure mapping and global 
alignment considers the entire network and starts mapping [3]. 
Network alignment identifies either topological or sequential 
similarity [4]. Topological similarity is also referred as 
Neighborhood similarity or Signature similarity. Sequential 
similarity can be biological similarity or functional similarity. 
Nodes present in the PPI network will be associated with 
annotation terms or Gene ontology [5]. Several wide advances 
have been proposed for network alignment in past few years, 
most of the approaches are derived from the previous ones and 
few of them are widely different. The parameters that were 
used to evaluate solutions are varying over the years. 

In this paper, we survey the different topological and 
biological assessment for PPI network and the evaluation of 
various algorithms used for network alignment. The rest of the 
paper is organized as follows: The next section introduces the 
problem of pairwise network alignment. Then, we evaluate the 

different measures suggested for topological and biological 
assessment. Following that, an assessments of popular network 
aligners are summarized. Finally, the datasets used for 
alignment, scope of future work and concluding remarks are 
presented. 

II. NETWORK ALIGNMENT 

This section interprets the meaning of pairwise network 
alignment, the different assessment strategies and how it can be 
extended to multiple network alignment. 

Consider two different networks N1 and N2, where N1= 
(V1, E1) and N2= (V2, E2). The individual edge (u,v) 
highlights the interaction between proteins. The aim of network 
alignment is to calculate the injective function f as mentioned 
in (1). 

             f (u) = {v, where u Є N1 and v Є N2}                 (1) 

 If all the nodes are aligned, then the alignment is 
completely defined or else it is partially defined. In the process 
of aligning it may be possible to find more than one alignments 
in the second network, so it advised to find the best alignment 
using scoring functions [2]. 

A. Topological Assessment 

Topology of the network is assessed by several metrics. 
Edge Correctness (EC) is a standard metric. The percentage of 
edges aligned denotes the effectiveness of EC [3]. EC aligns a 
sparse network to a dense network and due to these multiple 
alignments may be generated for an edge and Induced 
Conserved Structure (ICS) penalizes this [6]. ICS aligns dense 
to sparse alignment. If two proteins have momentous number 
of common neighbor, they will be meticulously related. 
Combining the prediction from several topological methods 
and merging similar predictions based on overlap score 

identifies the excelling prediction. 

B. Semantic Similarity Assessment 

Semantic similarity measures can be either annotation 
based or ontology based approaches [7]. In graph structure a 
graph is constructed with ontology terms as nodes and edges as 
relationship between terms. Annotations are terms that focus on 
the functionality of genes or proteins. Ontology measures or 
structure based methods are broadly divided into edge based 
and node based methods [8]. Semantic similarity has the peak 
predictive score in measuring true PPI interactions. 
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Figure 1.  Local network alignment versus Global network alignment. (a) Nodes in the shaded region can have two different alignments differentiated by separate 

dashed lines. (b) Global network alignment aligns the two networks probing a common sub network. 

Semantic similarity measures can be group wise or 

pairwise. In pairwise the similarity between annotations of 

terms are evaluated as represented in (2). If the annotations of 

node ni and node nj are represented as ann(ni) and ann(nj) 

respectively, then functional similarity is evaluated as 

 

                      
Group wise approaches are related to ancestor graphs. 

Resnik’s [9], Lin’s [10] and Jiang’s [11] approaches examines 

the pairwise similarity. Semantic similarity can be measured at 

any level of orthogonal ontology [12]. The threshold value of 

similarity defines the minimum amount of similarity required 

for alignment. PPI network can be subdivided into modules 

based on functionality or biological similarity [13]. Many 

researchers have proposed methods to scale large PPI network 

into smaller graphs. If the topological and functional 

similarities are same, then they can be merged under a single 

functional module [14]. 

III. GLOBAL NETWORK ALIGNMENT  

Pairwise network alignment forms the base for Local 
network alignment and they fall of due to inconsistency [15]. 
Fig. 1 shows the comparison between local network alignment 
and global network alignment. The main intention of Global 
aligners is to find a mapping node or to mark the node as gap 
node. Alignments within a cluster can be even done by 
inserting gap at different locations [16]. Global aligners are 
classified into IsoRank aligners and GRAAL based aligners.  

A. IsoRank Aligners 

IsoRank aligners are based on the compatibility between 
sequence order and topological structure [17]. Similarity 
between proteins is estimated using a version of Google’s 
PageRank algorithm [18]. Nodes are aligned from one network 
to another if their neighbors are similar. IsoRank creates a 
functional orthologous set or a cluster of orthologous genes 

[19]. IsoRank uses greedy pairwise alignment with sequence 
based BLAST scores.  

                     R = α AR + (1-α) E                                       (3) 

In (3), R denotes the mapping, A denotes the Eigen vector. 
E is the normalized sequence similarity. Value of α can be 0, 1 
or any value between them. If α=1, only network information is 
considered and if α=0, only sequence information is 
considered. Any value in between them considers both 
topological and sequence similarity. 

Increasing the number of true positives can increase the 
performance of IsoRank but the possibility of over fitting must 
be taken care. Network similarity decomposition (NSD) 
improves IsoRank by increasing the speed of node similarity 
calculation and preprocessing each input graph separately [20]. 

The drawback of NSD is that it cannot run on higher networks. 

Upgraded version of IsoRank is IsoRank Nibble 
(IsoRankN) relies on rankings that are specific to node [21]. It 
uses iterative spectral clustering algorithm and generates the 
final alignment. IsoRankN outperform IsoRank and Græmlin 
2.0 [22] in coverage and consistency. IsoRankN generates 
many to many mapping and the evaluation of all these mapping 
is not feasible because the size of iterative spectral matrix is 
large [23]. 

B. GRAAL Aligners 

Graph Alignment Aligners (GRAAL) evaluate graphlet 
degree signature. Proteins often change their interaction to 
perform multiple biological functionalities and so alignments 
based on topological similarities are sounder than considering 
solely sequential similarity. GRAAL aligners are mainly 
GRAAL [24], H-GRAAL [25], MI-GRAAL [26], C-GRAAL 
[27] and L-GRAAL [28]. 

GRAAL is the premier algorithm that considers only 
topological similarity. It identifies a seed vertex and from this 
this seed vertex it aligns vertices greedily on radius 
measurement.  
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Figure 2. Graphlets ranging from 2 nodes to 5 nodes represented from G0 to G29.The 73 different orbits are  labelled. This figure is adopted from [24]. 

 

Graphlet is an induced sub graphs and graphlet degree is 
the number of graphlet that is touched by each node. Nodes 
present in a graphlet can vary from a minimum of two nodes to 
a maximum of five nodes, as shown in Fig. 2. Automorphism 
orbit of graphlet infer the 73 different interactions or edges 
between a node and graphlet. 

Hungarian GRAAL (H-GRAAL) follows minimum weight 
bipartite method like IsoRank. Hungarian algorithm ensures 
that no two nodes in first network is aligned to the same node 
in second network [29]. Matching based Integrative GRAAL 
(MI-GRAAL) creates a confidence matrix by integrating 
several biological and topological similarity metrics. Common 
Neighbors based GRAAL (C-GRAAL) explores nodes 
neighborhood similarity. Lagrangian Graphlet based Aligner 
(L-GRAAL) considers graphlet based interaction with 
Legrangian relaxation with graphlet of size two to four. Five 
node graphlet is not considered. It considers function protein 
conservation and biological protein conservation. 

IV. PPI  DATASETS 

The NP hard nature of the network alignment makes it 
difficult. The lack any perfectly guaranteed aligner complicates 
the alignment. IsoBase [30] and NAPAbench [31] are the 
popular datasets used for network alignment.  

The other databases include Human Protein Reference 
Database (HPRD) [32], BioGRID [33], Database of Interacting 
Proteins (DIP) [34] and Munich Information center for Protein 
Sequences (MIPS) [35]. Table 1 indicates the number of edges 
and nodes present in the PPI network for different species like 
yeast, fly, human and mouse. It is obtained from IsoBase web 
interface. 

IsoBase is a real-time dataset for global network alignment. 
It facilitates browsing, searching and querying of a dataset. It is 
obtained by combining several other datasets. NAPAbench is a 
synthetic dataset, proposed in 2012. Synthetic datasets play a 
major role in validation of network alignments. NAPAbench 
dataset can be denser or sparser than real time PPI network for 
different suites. Synthetic dataset can mimic any real datasets. 

V. OPEN RESEARCH PROBLEMS 

Analysis of literature survey indicates there are a few 
avenues for future work. By considering those in mind, we list 
out a few open research problems on network alignment.  

A. Weightage Analysis of Similarity Feature 

It is difficult to identify the weightage or the priority of a 
similarity feature when several similarity features are to be 
considered. Alignment begins the highest scoring pair and it 
extends greedily from the seed pair. The challenge in 
developing an aligner is the similarity evaluation in terms of 
topological and biological similarities. Topological similarity 
considers maximum weight bipartite matching problem. 
Existing aligners generate heuristic algorithm to develop 
alignment. When proteins change their location their 
functionality also changes. 

TABLE 1. THE NUMBER OF NODES AND EDGES OF DIFFERENT 

SPECIES FROM ISOBASE DATASET. 

Species No: of Nodes No: of Edges 

Saccharomyces cerevisiae 

(Yeast) 

6,659 38,109 

Drosophila melanogaster (Fly) 14,098 26,726 

Homo sapiens (Human) 22,369 43,757 

Mus musculus 

(Mouse) 

24,855 452 
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TABLE 2. SUMMARY OF DIFFERENT ALIGNERS 

Aligner Year  Methodology  Drawback 

 

 
IsoRank 

 
2007 

Combines Sequential 
and Topological 

similarity, Proteins are 

matched if neighbors 
can be matched. 

True positives 
increase over 

fitting. 

 

IsoRankN 

 

2009 

Iterative Spectral 

Clustering Algorithm, 

Proteins are matched if 
neighbors can be 

matched. 

Many to many 

mapping and 

Iterative nature of 
spectral matrix 

 

GRAAL 

 

2010 

Graphlet Degree 

Signature, consider only 
topological similarity. 

Loses power in 

discriminating 
between vertex 

pairings. 

 
H-GRAAL 

 
2010 

Hungarian Algorithm 
with Graphlet Degree 

Signature, consider only 

topological similarity. 

 
Higher Runtime. 

 

 

MI-

GRAAL 

 

2011 

Several topologies 

matching methods are 

integrated together. 
 

Higher time for 

integrating 

different metrics. 

 

NSD 

 

2012 

Proteins are matched if 

neighbors can be 
matched. 

Cannot run on 

higher networks. 

 

C-GRAAL 

 

2012 

Nodes are matched if 

they have common 
neighbor and consider 

only biological 

similarity. 

Poor vertex 

alignment 
performance. 

 

 
L-GRAAL 

 
2015 

Legrangian Relaxation 
with Graphlet degree 

signature. 

Graphlet size is 
limited to 4. 

 

B. Parametization for the Alignment of different type of 

Networks 

Identification of the correct parameterization for the 
alignment of different type of networks is a challenging 
problem. An advance knowledge about the species or their 
phylogenic information gives better performance. Aligners like 
Græmlin consider knowledge about PPI network is insufficient 
for alignment. So, it requires phylogenic information also for 
alignment. Thus it is not advised to compare the performance 
of these aligners with any other. Improvements on the 
topological metrics are progressing. Higher value of 
topological matrix comes at the expense of biological 
measurements. Table 2 gives a summary of various aligners 
surveyed. It compares the methodologies of different aligners 
and highlights the drawback of those aligners. 

C. Larger Datasets 

Network alignment can be extended to any larger datasets. 

Alignment of larger biological networks is an unexplored area 

of research. Greedy aligners could be extended to any pairwise 

alignment of larger datasets.  

VI. CONCLUSION 

In this paper, we survey the different aligners for protein 
network alignment. First, we define the problem of pairwise 
network alignment. Following that, we evaluate the different 
metrics for topological and biological assessment. Later an 

assessment of the major state of art network aligners are 
explained with their corresponding methodologies. Finally, the 
real and synthetic datasets used for alignment, scope of future 
work and concluding remarks are presented. 

Computation of similarity between nodes in terms of 
topological and functional similarity with different metric is 
also improving. Enhancing the performance of existing aligners 
by improving the time complexity and evaluation metric can 
improve PPI network alignment. The performance of aligners 
also changes according to the dataset used.  Constructing a 
framework for evaluating aligners with common evaluation 
metric and same dataset will help biologist to decide the best 
aligner to use. 
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