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Co-authorship networks are constructed with the scientists as nodes and an edge exists between the nodes if 

two scientists had co-authored a paper. A simple co
collaboration patterns, numbers of papers authors write, how many people they write them with, what the 
typical distance between scientists is through the network, and how patterns of collaboration vary between 
subjects and over time. 

Erdős number was initially used as an index for mathematicians taking into consideration their 
collaboration with the mathematician Paul Erdos
mathematical articles and the proximity to Erdos was used as a measure for the 
However, the approach had limitations as an independent author might be lost in the network, as authors not 
connected to Erdos (having no co-authorship chain) had their Erdos number as undefined. This led to a bias in 
the calculation of the prominence of a mathematician. Similar networks were used in the movie industry, known 
as the Bacon number. Modifications to the original simple co
following section. 

It has long been realized that the co
of collaboration within the academic community. Co
collaboration between two or more authors, and these collaborations for
structure of such networks turns out to reveal many interesting features of academic communities. The co
authorship network is as much a network depicting academic society as it is a network depicting the structure of 
our knowledge (Newman, 2004). 

Towards the end of the twentieth century, a number of authors pointed out the potential utility of co
authorship data and in some cases performed small
particular authors or authors at particular institutions 
2000). Newman (Newman, 2004)studies various statistical information that can be obtained from co

Australian Journal of Basic and Applied Sciences, 10(2) Special 2016, Pages: 240-2

 
AUSTRALIAN JOURNAL OF BASIC AND 

APPLIED SCIENCES 
 

ISSN:1991-8178        EISSN: 2309-8414  
Journal home page: www.ajbasweb.com 

 

© 2016 AENSI Publisher All rights reserved 
This work is licensed under the Creative Commons Attribution International License (CC BY). 

http://creativecommons.org/licenses/by/4.0/ 

V. Vasanthakumar, S. Sendhilkumar, S. Mahalakshmi, Representing Modified Co-Authorship Networks using Power 
240-249, 2016 

Representing Modified Co-Authorship Networks using Power Graphs

G.S. Mahalakshmi 

Department of Computer Science and Engineering,KCG College of Technology, ,Karappakam,Chennai. 
Department of Information Science and Technology,College of Engineering Guindy,Anna University,Chennai. 
Department of Computer Science & Engineering,College of Engineering Guindy,Anna University,Chennai. 

Department of Computer Science and Engineering,KCG College of Technology, ,Karappakam,Chennai.

A B S T R A C T  
The quantum of research and the enormity of the research journals and conferences 
mandate sophisticated techniques to organize bibliographic information. Co
graphs representing the authors as vertices and the co-authorship as edges are used to 
represent co-authorship networks. This paper presents the various information to be 
added with co-authorship networks and the potential usage of power graphs in 
modified co-authorship network representation for aiding the detection of research 
communities. 
 

INTRODUCTION 

authorship networks are constructed with the scientists as nodes and an edge exists between the nodes if 
authored a paper. A simple co-authorship network can be used to derive conclusions 

collaboration patterns, numbers of papers authors write, how many people they write them with, what the 
typical distance between scientists is through the network, and how patterns of collaboration vary between 

nitially used as an index for mathematicians taking into consideration their 
collaboration with the mathematician Paul Erdos(Newman, 2001). Paul Erdos had published around 1500 
mathematical articles and the proximity to Erdos was used as a measure for the prominence of a mathematician. 
However, the approach had limitations as an independent author might be lost in the network, as authors not 

authorship chain) had their Erdos number as undefined. This led to a bias in 
culation of the prominence of a mathematician. Similar networks were used in the movie industry, known 

as the Bacon number. Modifications to the original simple co-authorship networks are discussed in the 

he co-authorship of articles in research journals provide a window on patterns 
of collaboration within the academic community. Co-authorship of a paper can be thought of as documenting 
collaboration between two or more authors, and these collaborations form a “co-authorship network”. The 
structure of such networks turns out to reveal many interesting features of academic communities. The co
authorship network is as much a network depicting academic society as it is a network depicting the structure of 

Towards the end of the twentieth century, a number of authors pointed out the potential utility of co
authorship data and in some cases performed small-scale analysis including frequency of co

s or authors at particular institutions (Kretschmer, 1994; Persson, 1995; Ding, 1999, Bordens, 
studies various statistical information that can be obtained from co
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. Paul Erdos had published around 1500 
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authorship chain) had their Erdos number as undefined. This led to a bias in 
culation of the prominence of a mathematician. Similar networks were used in the movie industry, known 

authorship networks are discussed in the 

authorship of articles in research journals provide a window on patterns 
authorship of a paper can be thought of as documenting 

authorship network”. The 
structure of such networks turns out to reveal many interesting features of academic communities. The co-
authorship network is as much a network depicting academic society as it is a network depicting the structure of 

Towards the end of the twentieth century, a number of authors pointed out the potential utility of co-
scale analysis including frequency of co-authored articles by 

Kretschmer, 1994; Persson, 1995; Ding, 1999, Bordens, 
studies various statistical information that can be obtained from co-authorship 
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networks. Total number of authors appearing in the corresponding databases; total number of papers appearing; 
mean number of papers published by an author; mean number of co-authors on a paper; mean number of 
different individuals an author collaborated with; largest connected group of individuals in the network; mean 
vertex-vertex distance between connected individuals in the network; largest such distance; the clustering 
coefficient, which is the mean probability that two co-authors will also be co-authors of one another; and the 
degree assortativity coefficient, which is the Pearson correlation coefficient of the degrees (i.e., number of 
collaborators) of adjacent vertices in the network. 
 
Modified Co-authorship Networks: 

A simple method of representing co-authorship networks is by using undirected graphs. If two authors co-
write a scientific paper, a unitary edge is introduced between the vertices representing the two authors. Thus, the 
resulting graph is represented as an undirected unit-weighted graph.  

The second method of representation of co-authorship networks is by using binary and directed graphs. 
Every edge in the undirected network is replaced by two, symmetrical and directed edge, the resulting graph is 
represented as a directed unit-weighted graph. This type of graph is commonly used to measure author prestige, 
but the binary graph does not incorporate adequate information for better analysis. Hence, the most recent 
works use weighted directed co-authorship networks; the weight of an edge is given by the number of co-
authorship between the scientists who connect (Newman,2001). Most work in these studies in social networks 
does not use all the information available in databases which leads to an unrealistic representation and detection 
of communities (Newman, 2001).It can be observed that, the more the information available within the network, 
the better the detection would be. 

Assigning priority levels and consequent weight to the publications helps to quantify the contribution of an 
author(Evelyn, 2010). 

Level 1 (weight = 3) 
Articles in scientific journals. 
Book published/organized. 
Book chapter published 
Level 2 (weight =2) 
Complete works published in proc. of conferences. 
Level 3 (weight =1) 
Articles in newspapers/magazines. 
Expanded summary published in proceedings of conferences. 
Summary published in proceedings of conference. 
 
This weight is added to the original network. This approach improves the co-authorship network by 

modifying the simple co-authorship network to a multi-weighted network. However, the problems of individual 
authors being left out of the network persists in this approach too.  

Combination of co-authorship and content similarity information to improve the co-authorship network 
(Iraklis, 2010) would solve the problem of individual authors being left out of communities(authors with similar 
research interests can be linked). This can be done despite the absence of a co-authorship chain between 
them.Iraklis(Iraklis, 2010) finds semantic similarity within tiles of research articles for effective detection of 
communities.This similarity information added to the co-authorship networks gains much importance as the 
similarity based on statistical approaches and those based on semantic approaches, both provide different 
dimensions to the calculation of similarity. 

 
1 Other Information that can be added to co-authorship networks: 

Information such as the volume of published papers over time, the impact factors of the venues hosting the 
respective publications, assigning multiple weights with respect to journals; conferences (George Tsatsaronis et. 
al., 2011) were added to the co-authorship networks. Content analysis of the research articles to find similarity 
between research articles has also been used to arrive at research communities.  

Jeija Lin et. al.(2010concludes that co-authorship doesn’t have to be associated with research interest. This 
finding can be attributed to a variety of reasons including researchers collaborating with the various authors 
over different research fields. Hence, for arriving at research communities with better cohesion in the semantic 
perspective, addition of other information will be useful. 

Author’s position in the co-authors’ byline listcan be correlated to the contribution of the author (Sloan, 
1996; Jonathan et. al., 2007). Deciding on the original contribution of an author in a research publication is a 
complex. Their byline position can be used as a means to identify the author’s contribution. But, this position by 
itself would not be sufficient in itself to quantize the contribution of the author to the research.  

Overcoming the semantic gap in the co-authorship network is of high importance and this can be done by 
including the semantic similarity between the publications in the network. This weightage will in turn help in 
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bringing together vertices (authors) though they are not connected to each other. The Fuzzy Cognitive Map 
(FCM) based similarity measure can used in finding the semantic similarity of articles. The thesaurus based 
approach used by Iraklis (2010) can be used in this context. 

 
2 Representation of Co-Authorship Networks: 

The simple representation of co-authorship networks is using undirected graphs. Consider the author 
information in Table 1. Figure 1 represents the co-authorship network for the information available in Table 1. 
 
Table 1: Sample Research Publication  Information 

Sl Number Publication Authors 
1 P1 A1, A2, A3 
2 P2 A2, A3,A4 
3 P3 A5 

 
All three publications in the above table are assumed to be of the same research area. However, the 

publication P3 is by an individual author and hence, A5 won’t be connected to any other author in the co-
authorship network. 

 
 
Fig. 1: Co-authorship network for information in Table 1 

 
From figure 1 it is evident that individual authors are not connected in the co-authorship networks leaving 

semantic gaps in the detection of research networks. The simple co-authorship networks grow complex as the 
number of the nodes increase. This mandates compression techniques.  

IraklisVarlamis (IraklisVarlamis, 2010) uses power graphs to represent the co-authorship networks.Given a 
graph G = (V, E) where V is the set of all the vertices and E is the set of all edges in the graph, a power graph 
G’ = (V’, E’) is defined on the power set of the nodes in G (V’ ⊆ P (V)) connected to each other by power 
edges. 

Power graphs extend the syntax of graphs with power nodes, which are drawn as a circle enclosing nodes 
or other power nodes, and power edges, which are lines between power nodes. Bicliques are two sets of nodes 
with an edge between every member of one set and every member of the other set. In a power graph, a biclique 
is represented as an edge between two power nodes. Cliques are a set of nodes with an edge between every pair 
of nodes. In a power graph, a clique is represented by a power node with a loop. Stars are a set of nodes with an 
edge between every member of that set and a single node outside the set. In a power graph, a star is represented 
by a power edge between a regular node and a power node.  

The semantics of power graphs are as follows: if two power nodes are connected by a power edge, this 
means that all nodes of the first power node are connected to all nodes of the second power node. Similarly, if a 
power node is connected to itself by a power edge, this signifies that all nodes in the power node are connected 
to each other by edges. 

The following two conditions are required:    
• Power node hierarchy condition: Any two power nodes are either disjointed, or one is included in the 

other.    
• Power edge disjointness condition: There is onto mapping from edges of the original graph to power 

edges. 
 

 
Fig. 2: Represents the power graph representation of the information available in the table 1. 

 
Other approaches include Hyper-graphs; Evolutionary graphs (Manish Gupta, 2011). Evolutionary graphs 

can be a useful representation to perform spatial-temporal analysis of the co-authorship network. Hyper-graphs 
are generalization of graphs that find applications in various facets of semantic networks e-learning, innovative 
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design, information recommendation(Lu Zhen, 2010).Hyper graphs are another generalization of graphs in 
which edges can connect more than one vertex.  Given a graph G = (V, E) where V is the set of all the vertices 
and E is the set of all edges in the graph, a hyper graph H’ = (V, X) is defined as X being a set of non-empty 
sub-sets of V called as hyper-edges. 

 

 
 
Fig. 3: Hyper-graph representation for the research publication information available in Table1 

 
It is seen from all three representations that, co-authorship information alone is insufficient to arrive at 

appropriate research communities in the semantic perspective.Semantic similarity of the content has to be 
calculated and the information has to be incorporated into the co-authorship network to make facilitate the 
detection of research communities. 

 
3 Mining for Research Communities: 

The objective to find a research community would be to find like-minded researchers working on the same 
research area. These researchers may be separated geographically, but taking in to account the area of research, 
all the researchers working on the same research area should be incorporated in a research community. A simple 
solution to arrive at research communities would be to apply graph mining techniques including spectral, 
divisive and agglomerative methods to identify research communities out of simple co-authorship networks (L. 
da. F. Costa, 2005).  

Complex co-authorship network representations introduced in section 3 involving multi-weighted graphs, 
power-graphs and hyper-graphs (Yi Han et. al., 2009) incorporate information in their networksadditional to co-
authorship. These representations use adapted graph mining approaches to arrive at research communities. Yi 
Han et. al. (Yi Han et. al., 2009) mine co-authorship networks represented as hypergraph to obtain the list of 
supportive authors with respect to an author. They use k-RNN approach to arrive at a closeness measure which 
reflects the strength of the support between two co-authors to each other. The smaller the closeness value, the 
stronger the mutual support.(Yi Han et. al., 2009) This quantization of bonding between the authors can be 
incorporated into the co-authorship network to enhance the network. 

Evelyn and Jesus (Evelyn, 2010 ) propose an adapted algorithm to find communities in the multi-weighted 
co-authorship network using the shortest path betweenness score between vertices to arrive at communities. 
This approach provides better results in the detection of communities than the single weighted co-authorship 
networks (Evelyn, 2010). However, there is a need for the authors to be connected in this approach which lets 
individual others out of the community. Taking into account the power graphs (Iraklis et. al.) representation, the 
authors use bi-sective k-means algorithm to cluster the power graph to obtain research communities.The 
approach takes into account the evolution of the co-authorship network, the volume of published papers over 
time, as well as the impact factors of the venues hosting the respective publications. 

Milos et. al., (Milos et. al. , 2011 ) exploit the swarm aspects of the co-authorship networks to identify co-
operation between authors. With the help of the Forgetting Curve, long-term (social) ties that connect authors in 
an almost permanent manner have been mined. Also, the swarm intelligence and ant colony optimization 
methods have been adapted to detect professional links that indicate recent cooperation of two authors. This 
helps in interpretation of future work as a professional link does not guarantee future joint authorship between 
the two authors. However, a strong social link yields high probability of a future joint publication. 

The above discussed methods have a prerequisite that the authors should be connected in the co-authorship 
network for them to be a part of a research community. A new approach in the detection of research 
communities taking into account the content similarity of the research publications is would be touse Fuzzy 
Cognitive maps(FCM). In this approach, thesemantic similarity of two publications is considered and the 
similarity measure is used to arrive at research communities. This FCM based similarity measure takes away the 
need for authors to be connected in the co-authorship network to be a part of the research community. However, 
the task of content analysis of papers is an overhead. 

 
4 Evolution of Academic Research Communities: 

Figure 4 depicts the implementation of the extraction of the research abstracts from the internet. The initial 
input is obtained by querying the offline DBLP database in xml. The XQuery model is used to retrieve the data 
and this information is used to form the URL to automatically query the Google Scholar Website. This query’s 
results are filtered and the first result returned is extracted and navigated to. The structure of the web page is 
identified and the abstract is retrieved automatically. These abstracts are stored offline in files that are 
incrementally numbered for further reference. 
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The enrichment method is depicted in Figure 4. This method follows the model proposed by Banerjee et. al 
(2007). The English Wikipedia dump of abstracts of research articles was downloaded (as of March 2012). A 
Lucene (http://lucene.apache.org/) index of these Wikipedia articles was created. To enrich the research 
abstracts, the bi-grams in the research abstracts are queried against the Lucene engine. If there is a hit, the bi-
grams are appended with the abstracts of the Wikipedia article returned as the first hit. 

A co-authorship network is obtained based on the valid resultant abstracts. Variable weights are assigned to 
the edges in the co-authorship graph based on the type of the publication as explained in the section 2. The 
edges for co-authoring books and journal publications carry the most weightage whereas summary and 
magazine articles are assigned the least weightage.The original co-authorship network is modified by assigning 
priority to the type of the scientific article. Higher weightage is given to books and journals whereas 
conferences are assigned lesser weight (Evelyne et al., 2010). This graph is overlaid with the co-similarity 
graph in which the weights of the edges between the similarity values. When two authors have co-authored 
more than a paper, then the mean of the values is taken as the weight. 

Before combining the two graphs, the edge values are normalized to binary values in both the graphs. 
While combining the two graphs, an edge is retained if it is present in either of the graphs. This modification to 
the co-authorship network fills the semantic gap in the co-authorship networks. It is assumed that authors (the 
nodes in the graph) are in lexicographical order. As explained before, for each paper p in the database, a set of 
weighted edges is added (or updated) to the co-authorship graph. The next step is the application of the Power 
Graph Analysis (Iraklisvarlamis, 2007) to the original graph G and the creation of the Power Graph PG, which 
comprises Power Nodes that are either nested or form cliques, stars and bi-cliques. 

 

 
 

Fig. 4: Evolution of Academic Research Communities 

 
Fig. 5: Creation of Power Graph 

 
The algorithm comprises the examination of Power Edges and Power Nodes and results in a list of Power 

Nodes which may contain potential research synergies. 
Algorithm 4.5 : Analysis of the Research Community  
Input: Enhanced Coauthorship Network  
Output: Power graph Representation  
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Step1 Read the enhanced Coauthorship network in the file edges.edge.  
Step 2 Generate a list of all possible power nodes and power edges.  
Step 3 Generate a list of candidate power nodes by examining the power edges  
Step 4 Add the nodes to candidate power nodes of the edge added in Step3  
(Perform Step4 only if the nodes are not a part of the candidate power nodes)  
Step 5 Apply greedy algorithm to the nodes applied in step 4  
 Step 6 Store the output in graph.bbl file. 
 
The Power Graph obtained is partitioned to obtain the research communities. The number of partitions is 

ascertained using the equation 4.1, where n is the number of nodes in the Power Graph. 
������ 	
 �����	�� =  √� ÷ 2 

 
Multilevel k-way partitioning algorithm (Lin et al., 2010) is used for partitioning the graph. If the partitions 

overlap, it is an indicative of authors being present in more than one research community. This signifies the 
diversity of research interests of the author. 

Within each cluster, the originality of the research article is defined as the average of the similarity values 
of the article to the others in the cluster. This measure enables the user to obtain the extent of novelty in the 
article in the cluster. The Author Presence in a research community is the used as a measure of author‟s 
importance with respect to the research community. This is calculated as the ratio of the contribution of the 
author to the community to the total contributions of the author. The total contribution is taken as the sum of the 
publications of the author across all the research communities. The Author Quality Index (���) is calculated 
considering the originality of the research publication with respect to the research community, the presence of 
the author in the community. The position of the author is also considered in calculating the ��� in a way that 
the first author gets the most credits. 

��� =  �	�������� − (# − 1)
	�������� 

& × � (
	��)�*��+,��+�*

& × 	 × - 

where, # is the position of the author in the research article, 	��������  indicates the total number of 
authors of the research article; ( indicates the measure of the publications of the author to the research 
community and the 	��)�*��+,��+�* is the sum of the publications of the author across all the research 
communities. Originality (	) of the author within the community (Mahalakshmi et al., 2012) too is included as 
a measure of the author quality index. The ��� of the author is taken to be proportional to the degree (-) of the 
author.  
 

RESULTS AND DISCUSSION 
 
Bibliographic content from the DBLP xml database were stored offline for this experiment. This has more 

than a million authors and details of their research publications. The co-authorship information and the 
publication details used for the multi-weighted Coauthorship network and the enhanced coauthorship network.  

Domain ontology is used for the enrichment of short-texts. As an initial step, we have constructed an 
offline ontology based on valid concepts from ACM classification system (ACM). More than 1500 concepts 
and the respective concept details are present in the ontology specifically in computer networks and related 
domain. The offline ontology is built using Protégé editor (PROTEGE).  For the relevance analysis on titles to 
their abstracts and full-texts, abstracts and full-text were collected manually from Research publications of 
Volume 53 and 54, Elsevier Computer Networks journal. The computer networks journal is selected as the 
domain ontology used for enrichment was in the computer networks and related domain. Relevance of the 
research article titles were analysed with respect to both the research abstracts and full texts. This was done in 
order to quantify the relevancy of the title to the research article itself. 

Abstracts reflect the idea of any research article. Therefore, the completeness and originality of idea should 
reflect as well in research abstracts. In this context, the relevance of the title of the research article to the 
research abstract is measured using FCM. Research abstracts and titles from the Elsevier Computer Networks 
journal dataset were considered as input.  

The average relevance of title vs. abstracts was found to be roughly 15%. Only 8% of the titles in the 
dataset assured more than 50% relevancy with respect to abstracts.  

The following observations were made:  
1. The titles are not relevant to the abstracts. The titles being very short did not help the cause either. The 

titles were not complete reflection of the research-work that is to be reflected in the abstract of the research 
article.  

2. The abstracts of the research articles were not conveying the essence of idea discussed in the article. In 
this way the title of the article does not get higher conceptual similarity scores with the abstracts.  
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The titles when compared with the full-test using the FCM-based similarity measure had very low 
similarity values on the same trend as with the research abstracts. The average relevance of title vs. abstracts to 
full-text was found to be roughly 4%. None of the articles had a relevancy of more than 50% between the titles 
and the research article in full. Only 18% of the abstracts in the dataset assured more than 10% relevancy with 
respect to titles and full texts. 

The following observations were made:  
1. The titles are either less relevant to the abstract or to the core research idea discussed in the article. 

(Phrases and metaphorical titles were the prominent among the abstracts contributed to less relevance)  
2. The titles of the research articles were not conveying the essence of idea discussed in the article. Either 

they were too promising or too deviant thereby obtaining lower scores in conceptual similarity. 
The average relevance of title vs. abstracts to full-text was found to be roughly 12%. 25% of the articles 

had a relevancy of 20% or more. Thus, it can be inferred that the abstracts too by themselves are insufficient to 
quantify the quality if a research publication and thereby credit the author. Thus, prompting to enrich the 
abstracts. 
 
Table 1: Extraction of research abstracts from Journals 

Journal Period Retrieval Accuracy 
Computer Networks, Elsevier 2000-2005 95% 
ACM Transactions on Algorithms 2008-2009 91% 
IEEE Distributed Systems Online 2010-2012 94% 

 
A retrieved abstract is deemed as inaccurate if it satisfies any of the two conditions.  
1. Retrieval of the inappropriate abstract  
2. Abstract not properly retrieved from the site.  
The retrieval accuracy in the case of authors is less due to the following reason:  
1. The system is not exhaustive in terms of the sites whose structure is recognized.  
2. Authors with a wider spectrum including open journals and local community publishing contributed to 

the lower accuracy. 
 

Table 2: Extraction of research abstracts of authors 
Name of the Author Retrieval Accuracy 
T.V. Geetha 81% 
IraklisVarlamis 86% 
Jiawei Han 74% 

 
Powergraph representation provided a considerable reduction in the number of nodes and the number of 

edges. In the initial experiments, the Co-authorship graph and the Co-Similarity graph were overlaid as such 
without pruning the edges with lesser relative weights. From table 3, it is evident that there is a substantial 
reduction in the number of edges in the co-authorship graph when using the Power Graph representation. Figure 
6 shows snapshot of a Power Graph using the Cytoscape (Iraklis, Varlamis and Tsatsaronis, 2011) tool. 

 
Table 3: Reduction of Graphs using Power Graph 

 Edges Nodes Power Edges Power Nodes 
Multi-Weighted (A) 939 1483 332 240 
Co-Similarity (B) 434652 1483 1843 383 
(A) + (B) 4346735 1483 1702 377 

 

 
Fig. 6: Snapshot of Power Graph representation of Modified Coauthorship network of RanjaniParthasarathi 
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Conclusion: 

With the enormous growth in the research publications and co-authorship, finding research communities 
would make co-authorship networks presentable and manageable.In this paper, a few methods for representing 
modified co-authorship networks (with all information related to the scientific publication as modification) have 
been studied. Though the approaches help in detection of research communities through connectivity in the co-
authorship network,the contribution of an author to a paper has to be quantized effectively to arrive at effective 
communities and for further expert finding. This paper proposed the utilization of power graphs for 
representation and analysis of co authorship networks.  

A FCM based similarity measure is used to calculate the conceptual similarity and originality of a research 
article in the cluster. However, the above mentioned process had the following short-comings.  

1. There were many concepts with negligible or zero intensities in FCM, though they were well connected 
in the underlying ontology. These concepts were the houses of uncertainty and were ignored from FCM. 
Therefore, some important concepts might have been missed due to the above reason, which got reflected in the 
similarity index.  

2. Using Wikipedia for enrichment of the short-texts is debatable. Further, the completeness of the ontology 
is debatable when using for FCM.  

The limitations of FCM can be overcome by the use of Fuzzy grey cognitive maps (FGCM) (Jose 
Salmaron, 2010). FGCM technique is able to quantify the grey influence of the relationships between concepts. 
Through this attribute, a better support for uncertain representations can be reached (Jose Salmaron, 2010). 
Another alternative to partitioning would be to use Random –Walk approach to identify research communities 
in the co-authorship network. 
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