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Abstract— Online Social network is growing to large extent 

to share information between the different diversity people 

around the world. The main objective of the proposed 

system to identify the community in the multidimensional 

data such as users , Tags , stories , locations ,employment 

details ,photos and comments . We propose a data mining 

technique to detect the frequently interacting users based on 

the common subjects and grouping them in single 

community. The main incorporation of the work is to 

identify a seed-based community in a multi-dimensional 

network by evaluating the affinity between two items in the 

same type of entity (same dimension) or different types of 

entities (different dimensions) from the network. Our idea is 

to calculate the probabilities of visiting each item in each 

dimension, and compare their values to generate 

communities from a set of seed items and explore the 

feature evolution from the seed item in the same dimension 

or different dimension. We also propose the friend 

suggestion system and information suggestions system 

based on the data relevancy for the items in the different 

dimensions using seed of the data selection.  In order to 

evaluate a high quality of generated communities by the 

proposed algorithm, we develop and study a local 

modularity measure of a community in a multi-dimensional 

network. Experimental results prove that proposed system 

outperforms the state of approach in terms of precision and 

recall.         

Key words: Web Communities, Social Network Analysis 

(SNA), Community profiling          

I. INTRODUCTION 

Social networking sites are experiencing tremendous 

adoption and growth. The Internet and online social 

networks, in particular, are a part of most people’s lives. 

EMarketer.com reports that in 2011, nearly 150 million US 

Internet users will interface with at least one social 

networking site per month. EMarketer.com also reports that 

in 2011, 90     percent of Internet users ages 18-24 and 82 

percent of Internet users ages 25-34 will interact with at 

least one social networking site per month. This trend is 

increasing for all age groups. As the young population ages, 

they will continue to leverage social media in their daily 

lives. In addition, new generations will come to adopt the 

Internet and online social networks. These technologies 

have become and will continue to be a vital component of 

our social fabric, which we depend on to communicate, 

interact, and socialize. Not only are there a tremendous 

amount of users online, there is also a tremendous amount of 

user profile data and content online. For example, on 

Facebook, there are over 30 billion pieces of content shared 

each month. New content is being added every day; an 

average Facebook user generates over 90 pieces of content 

each month. This large amount of content coupled with the 

significant number of users online makes maintaining 

appropriate levels of privacy very challenging. There have 

been numerous studies concerning privacy in the online 

world [5], [4], [5]. A number of conclusions can be drawn 

from these studies. First, there are varying levels of privacy 

controls, depending on the online site. For example, some 

sites make available user profile data to the Internet with no 

ability to restrict access. While other sites limit user profile 

viewing to just trusted friends. Other studies introduce the 

notion of the privacy paradox, the relationship between 

individual privacy intentions to disclose their personal 

information and their actual behaviour [8]. Individuals voice 

concerns over the lack of adequate controls around their 

privacy information while freely providing their personal 

data. Other research concludes that individuals lack 

appropriate information to make informed privacy decisions 

[3]. Moreover, when there is adequate information, short-

term benefits are often opted over long-term privacy. 

However, contrary to common belief, people are concerned 

about privacy [2], [13]. But managing ones privacy can be 

challenging. This can be attributed to many things, for 

example, the lack of privacy controls available to the user, 

the complexity of using the controls [10], and the burden 

associated with managing these controls for large sets of 

users.   

II. PRINCIPLE OF SOCIAL NETWORKING 

A. Social Network Analysis             

Social Network Analysis (SNA) is a commonly used 

method to study social interactions of online groups at an 

individual level as well as group level. SNA seeks to 

represent datasets in a form of social networks. In a social 

network, there are nodes which represent group members, 

and edges (often referred to as ties) that connect people by 

means of various types of relations. The strength of the 

relations is usually conveyed via a weight assigned to each 

tie. A network representation of social interactions provides 

researchers with an effective mechanism for studying 

collaborative processes in online communities, such as 

shared knowledge construction, information sharing and 

exchange, influence, support. Because the case examined in 

this dissertation is online learning communities, the three 

examples below demonstrate how SNA can be used to study 

social interactions in online classes. 

We leverage Face book as the running example in 

our discussion since it is currently the most popular and 

representative social network provider. In the meantime, we 

reiterate that our discussion could be easily extended to 

other existing social network platforms. To provide 

meaningful and attractive services, these social applications 

consume user profile attributes, such as name, birthday, 

activities, interests, and so on. To make matters more 

complicated, social applications on current OSN platforms 

can also consume the profile attributes of a user’s friends.  
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In this case, users can select particular pieces of 

profile attributes they are willing to share with the 

applications when their friends use the applications. At the 

same time, the users who are using the applications may also 

want to control what information of their friends is available 

to the applications since it is possible for the applications to 

infer their private profile attributes through their friends’ 

profile attributes. This means that when an application 

accesses the profile attributes of a user’s friend, both the 

user and her friend want to gain control over the profile 

attributes. If we consider the application is an access or, the 

user is a disseminator and the user’s friend is the owner of 

shared profile attributes in this scenario, demonstrates a 

profile sharing pattern where a disseminator can share 

others’ profile attributes to an access. 

B. Web Communities  

A Web community is a collection of Web pages in which 

each member page has more hyperlinks within the 

community than outside the community. We can generalize 

this definition to identify communities with varying sizes 

and levels of cohesiveness. Community membership is a 

function of both a Web page’s outbound hyperlinks and all 

other hyperlinks on the Web because the rest of the Web 

collectively forms a page’s inbound hyperlinks. Therefore, 

these communities are “natural” in that independently 

authored pages collectively organize them. The Web self-

organizes such that these link based communities identify 

highly related pages. 

C. Community Profiling 

Community (or Social network User) profiles are a useful 

way of developing an understanding of the people in a 

geographical area or a specific community of interest. This 

understanding can assist in the development of a community 

engagement plan and influence who the key stakeholder 

groups are and how a project develops. Profiles can 

illustrate the makeup of a community and could include 

information about the diversity within the community, their 

history, social commercial, Educational and economic 

characteristics, how active people are (i.e. the groups and 

networks used) and what social and infrastructure services 

are provided. A community profile can also provide 

information on the level of interest community members 

may have in being actively involved in a project and their 

preferred method of engagement. 

 
Fig. 1.1: Subjectivity of Community Definition 

Figure 1.1. Explains the structure and subjectivity 

of the community detection in the multidimensional Social 

networks  

1) Taxonomy of Community Criteria 

 Criteria vary depending on the tasks 

 Roughly,  community detection methods can be 

divided into 4 categories (not exclusive):  

 Node-Centric Community 

 Each node in a group satisfies certain properties  

 Group-Centric Community 

                 Consider the connections within a group as a 

whole. The group has to satisfy certain properties without 

zooming into node-level 

 The group-centric criterion requires the whole group to 

satisfy a certain condition 

E.g., the group density >= a given threshold 

2) Network-Centric Community 

Partition the whole network into several disjoint sets to 

structure it as network centric items and dimensions. Nodes 

satisfy different properties like complete mutuality, 

Reachability of the member, node degree, and relative 

frequency. 

3) Complete mutuality based structure  

 Clique: a maximum complete sub graph in which all 

nodes are adjacent to each other 

 NP-hard to find the maximum clique in a network 

 Straightforward implementation to find cliques is very 

expensive in time complexity 

4) Hierarchy-Centric Community   

Construct a hierarchical structure of communities will help 

to retrieve the data and establish a community rapidly.  

 build a hierarchical structure of communities based on 

network topology 

 Allow the analysis of a network at different resolutions 

 Representative approaches:  

 Divisive Hierarchical Clustering (top-down) 

 Agglomerative Hierarchical clustering (bottom-up) 

5) Hierarchical Divisive clustering 

 Partition nodes into several sets 

 Each set is further divided into smaller ones 

 Network-centric partition can be applied for the 

partition 

One particular example: recursively remove the “weakest” 

tie 

 Find the edge with the least strength 

 Remove the edge and update the corresponding 

strength of each edge 

Recursively apply the above two steps until a 

network is decomposed into desired number of connected 

components. Each component forms a community.  

6) Accuracy of Pair wise Community Memberships 

Consider all the possible pairs of nodes and check whether 

they reside in the same community. An error occurs if 

 Two nodes belonging to the same community are 

assigned to different communities after clustering 

 Two nodes belonging to different communities are 

assigned to the same community  

Construct a contingency table or confusion matrix 

D. Location Based Social Networks  

A LBSN does not only mean adding a location to an existing 

social network so that people in the social structure can 

share location-embedded information, but also consists of 

the new social structure made up of individuals connected 
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by the interdependency derived from their locations in the 

physical world as well as their location-tagged media 

content, such as photos, video, and texts. Here, the physical 

location consists of the instant location of an individual at a 

given timestamp and the location history that an individual 

has accumulated in a certain period. Further, the 

interdependency includes not only that two persons co-occur 

in the same physical location or share similar location 

histories but also the knowledge, e.g., common interests, 

behaviour, and activities, inferred from an individual’s 

location (history) and location-tagged data . In LBSNs, users 

can explore places, write reviews, upload photos, and share 

locations and experiences with others. The soaring 

popularity of LBSNs has created opportunities for 

understanding collective user behaviours on a large scale, 

which are capable of enabling many applications, such as 

direct marketing, trend analysis, group search, and tracking. 

E. Community Detection  

Unsupervised pattern recognition tasks such as clustering, 

density estimation, outlier detection, dimensionality 

reduction, etc. are used to understand the underlying nature 

of the data, find latent structures within the data, and derive 

useful features from it. One such important unsupervised 

learning task on network or graph data is to find compact 

overlapping communities i.e. groups of nodes in the graph 

that are tightly connected to each other. This has 

applications in many domains such as Biology, Social 

Networking , Web Mining , etc. Also, communities in 

networks often overlap as nodes can belong to multiple 

communities at once. For example, researchers might belong 

to more than one research community. Most community 

detection algorithms strive to strike a balance between 

community size and their compactness. Oversized 

communities might contain unnecessary noise while 

undersized communities might not generalize the concept 

well enough. Another trade-off in community detection is 

that of compactness and scalability. Finding large number of 

compact communities such as maximal cliques 45 is an NP-

hard problem, making them impractical for large networks. 

Because of these trade-offs, existing community detection 

algorithms find several communities that are large, noisy, 

and loose, which pose significant problems in using them in 

many applications of communities like recommendation 

systems, semantic retrieval, semantic user profiling, 

conceptual browsing  etc 

F. Need for the Study  

One fundamental issue in social network analysis is the 

detection of user communities. A community is typically 

thought of as a group of users with more and/or better 

interactions amongst its members than between its members 

and the remainder of the network. In order to capitalize on 

the huge number of potential users, quality community 

detection and profiling approaches are needed. It has been 

well understood that people in a real social network are 

naturally characterized by multiple community 

memberships. Thus, it is more reasonable to cluster users 

into overlapping communities rather than disjoint ones. 

MultiComm, to identify a seed-based community structure 

in a multi-dimensional network such that the involved items 

of the entities inside the community interact significantly, 

and meanwhile, they are not strongly influenced by the 

items outside the community. In our proposal, a community 

is constructed starting with a seed consisting of one or more 

items of the entities believed to be participating in a viable 

community. Given the seed item, we iteratively adjoin new 

items by evaluating the affinity between the items to build a 

community in the network. As there are multiple 

interactions among the items from different 

dimensions/entities in a multidimensional network, the main 

challenge is how to evaluate the affinity between the two 

items in the same type of entity (from the same 

dimension/entity) or in different types of entities (from 

different dimensions/entities). 

III. LITERATURE SURVEY/ RELATED WORKS 

A. Uncovering the Overlapping Community Structure of 

Complex Networks in Nature And Society 

In this literature, community definition is based on the 

observation that a typical member in a community is linked 

to many other members, but not necessarily to all other 

nodes in the community.   

B. A Local Method for Detecting Communities  

In this literature, we explore method of community detection 

that is computationally inexpensive and possesses physical 

significance to a member of a social network. This method 

is unlike many divisive and agglomerative techniques and is 

local in the sense that a community can be detected within a 

network without requiring knowledge of the entire network. 

C. On the Spectral Characterization and Scalable Mining 

of Network Communities 

 In this literature, Network communities refer to groups of 

vertices within which their connecting links are dense but 

between which they are sparse. A network community 

mining problem (or NCMP for short) is concerned with the 

problem of finding all such communities from a given 

network. A wide variety of applications can be formulated 

as NCMPs, ranging from social and/or biological network 

analysis to web mining and searching. Network 

communities and their properties based on the dynamics of a 

stochastic model. Relationship between the hierarchical 

community structure of a network and the local mixing 

properties of such a stochastic model has been established 

with the large-deviation theory.  

Topological information regarding to the 

community structures hidden in networks can be inferred 

from their spectral signatures. Based on the above-

mentioned relationship, this work proposes a general 

framework for characterizing, analyzing, and mining 

network communities. Utilizing the two basic properties of 

metastability,  i.e., being locally uniform and temporarily 

fixed, an efficient implementation of the framework, called 

the LM algorithm, has been developed that can scalable 

mine communities hidden in large-scale networks. 

D. Spectral Clustering Approach to Finding Communities 

in Graphs  

In this literature, clustering nodes in a graph is a useful 

general technique in data mining of large network data sets. 

In this context, Newman and Girvan recently proposed an 

objective function for graph clustering called the Q function 

which allows automatic selection of the number of clusters. 
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Empirically, higher values of the Q function have been 

shown to correlate well with good graph clustering’s. In this 

work we show how optimizing the Q function can be 

reformulated as a spectral relaxation problem and propose 

two new spectral clustering algorithms that seek to 

maximize. 

IV. RESEARCH METHODOLOGY 

A. Problem Analysis 

One fundamental issue in social network analysis is the 

detection of user communities. A community is typically 

thought of as a group of users with more and/or better 

interactions amongst its members than between its members 

and the remainder of the network. In order to capitalize on 

the huge number of potential users, quality community 

detection and profiling approaches are needed. It has been 

well understood that people in a real social network are 

naturally characterized by multiple community 

memberships. Thus, it is more reasonable to cluster users 

into overlapping communities rather than disjoint ones. 

B. Existing System 

Community Discovery Scheme is existing works as follows   

 Minmax cut principle, i.e., minimize the connections 

between communities while maximize the connections 

within a community. Following this principle, it has 

been shown that the corresponding optimization 

problem can be relaxed and solved by finding the 

second lowest eigenvector of its Laplacian matrix. 

 Clauset proposed a local modularity measuring the 

sharpness of a subgraph boundary, and then developed 

a greedily-growing algorithm based on this modularity 

for exploring community structure. 

1) Disadvantage of the Existing System 

 Systems fails incorporate the information from the 

Dense Community. 

 Information Retrieval for grouping can be expanded to 

single or two dimensional Networks but for 

multidimensional performance fails in terms of 

retrieval speed and data relevancy rate  

 Structural Information are often too sparse and weak  

 It is difficult to detect the overlapping communities. 

Establish clusters based on edges (user preference) instead 

of the User.  

It leads to co clustering issues  

C. Proposed System  

Seed-based community discovery schemefor a 

multidimensional network is proposed model for 

Community discovery in dense multidimensional Data . It  

identify a seed-based community structure in a multi-

dimensional network such that the involved items of the 

entities inside the community interact significantly, and 

meanwhile, they are not strongly influenced by the items 

outside the community. In our proposal, a community is 

constructed starting with a seed consisting of one or more 

items of the entities believed to be participating in a viable 

community. Given the seed item, we iteratively adjoin new 

items by evaluating the affinity between the items to build a 

community in the network. As there are multiple 

interactions among the items from different 

dimensions/entities in a multidimensional network, the main 

challenge is how to evaluate the affinity between the two 

items in the same type of entity (from the same 

dimension/entity) or in different types of entities (from 

different dimensions/entities). On the other hand, we need a 

criterion in order to evaluate a high quality of generated 

communities by the proposed algorithm, and thus we study a 

local modularity measure of a community in a multi-

dimensional network. data suggest that the proposed 

framework is able to find a community effectively. 

1) Advantage of the Proposed System  

 Proposed algorithm is better in accuracy than the other 

testing algorithms in finding communities. 

 Inter behaviour and intra behaviours of user is obtained  

 Multimodal perspective is used to avoid the co 

clustering issues 

 Data Redundancy is eliminated among the 

communities. 

 
Fig. 4.1: Unified view of the Community partition 

V. DESIGN AND IMPLEMENTATION 

 In this chapter, we explain more detailed explanation about 

the design and implementation of the work using the 

following strategies and constraints against the solutions 

proposed as follows, 

A. Establishing Online Social Network or Data Pre-

processing of OSN dataset  

In this Module, we either build the online Social network to 

construct the profile structure to yield the profile data with 

multidimensional fields which is considered to the synthesis 

dataset. 

Another way to gather is multidimensional data for 

a community discovery process is through real dataset from 

the Online Social network (OSN). Data Pre-processing 

involves stemming and Stop word removal process. 

B. Partitioning of the network using Spectral Methods 

In this module, Social data network make use of 

the eigenvectors of matrix representations of the network. 

We show that with certain choices of the free parameters 

appearing in these spectral algorithms that at least within the 

spectral approximations used here, there is no difference 

between the modularity- and inference-based community 

detection methods, or between either and graph partitioning. 

 Apply Spectral similarity-based clustering to nodes 

 Vertex similarity is defined in terms of the similarity of 

their neighbourhood 
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Fig. 5.1: Nodes 1 and 3 are structurally equivalent. So nodes 

5 and 6 

 Structural equivalence: two nodes are structurally 

equivalent if they are connecting to the same set of 

actors 

 Optimal solution:  top eigenvectors with the smallest 

eigen values 

 Structural equivalence is too restricting for practical 

use.  

C. Establishing A Multicomm Community Discovery Model 

Based On Affinity Calculation  

Data is partitioned as tensors .In this probability Distribution 

is used to calculate maximum likelihood between the data 

which affinity. We consider a random walker chooses 

randomly among the available interactions among the items 

in different dimensions, and makes a choice with probability 

a going back to a set of items in the current community. A 

community is constructed starting with a seed consisting of 

one or more items of the entities believed to be participating 

in a viable community. Given the seed item, we iteratively 

adjoin new items by evaluating the affinity between the 

items to build a community in the network. 

We explain the important components of the 

community discovery framework. Based on their probability 

values, we can determine the candidate items in different 

dimensions that are closely related to the current items in the 

community. We will define the goodness criterion in order 

to determine the “best” community. Our idea is to calculate 

the affinity based on calculation of probabilities of visiting 

other items in a network from a given set of items. 

Motivated by the idea of topic-sensitive PageRank and 

random walk with restart, we consider a random walker 

chooses randomly among the available interactions among 

the items in different dimensions, and makes a choice with 

probability a going back to a set of items in the current 

community. Based on this concept, we set the following 

tensor equations to calculate the required probabilities of 

visiting items in the vth dimension in the whole network. 

Algorithm to Discovery the Community based Multi-

dimensional data 

1) Input: Data Source – User Details and Activity formed 

in terms of Multidimensional data  

1) Process: 

1) Classify the user details and activity based on the 

different constraints  

2) Constraints has modelled as learning algorithm  

3) Classify the Training data into class based on the 

attributes of the Dataset  

4) Classify the attribute based on Domain Knowledge and 

Value types  

5) Value types = {Single Value Attribute, Two Value 

Attribute …. Multi- Value attributes} 

6) Domain Knowledge = {Personal info, Employment, 

Lifestyle, Sports, Entertainments, cuisines}   

7) Inference of the Data through Application is carried 

out  

8) Application analysis is carried out for behaviours  

9) Application Gain is calculated based on the attributes  

Behaviours = Trained Data of the learning Algorithm  

Behaviour = No. of Similarities between the attribute and 

data source 

10) Affinity value is calculated based probability tensor  

11) Probability is denoted P 

P= (1-α) Wp +α e I  -------> [1] 

Above equation is a steady state probability  

Where W is weighted matrix associated graph details of the 

User profiles  

12) Sensitivity is classified based on the application 

characteristic sand behaviour valuate  

13) Largest value in the W and α leads to the maximum 

Support to form the Community group  

14) Learning Algorithm extracts data based on the 

application category  

2) Output: Secured disclosure of the information  

In the algorithm, the computations require several iterations, 

through the collection to adjust approximate probability 

values of items of the entities in the multidimensional 

network to more closely reflect their theoretical true values. 

When communities vary in different subsets of dimensions, 

we can make use of affinity to identify which dimension of 

its corresponding item with the highest probability joins the 

community 

D. Applying Feature Normalization and Fusion to 

Eliminate the Overlapping Profiles 

Due to the characteristic of various similarity features, 

different calculation methods might be used which lead to 

different value ranges. Therefore, the absolute values of 

different features must be normalized.  Classical co 

clustering is one way to conduct this kind of community 

partitioning. Clauset defined a measure of community 

structure for a graph. The idea is that a good community 

should have a sharp boundary, i.e., it will have few 

connections from its boundary to the other portion of the 

network, while having a greater proportion of connections 

from the boundary back into the community. Here we 

extend this idea to define a local modularity of a community 

in a multi-dimensional network. The identified communities 

are disjointed, which contradicts with the actual social 

setting. Edge clustering has been proposed to detect 

communities in an overlapping manner. 

1) Normalized Mutual Information 

 Entropy: the information contained in a distribution 

 Mutual Information: the shared information between 

two distributions 

 
 Normalized Mutual Information (between 0 and 1) 

 Consider a partition as a distribution (probability of 

one node falling into one community), we can compute 

the matching between the clustering result and the 

ground truth 
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VI. RESULTS AND DISCUSSION 

We have proposed a framework (MultiComm) to determine 

communities in a multi-dimensional network based on 

probability distribution of each dimension/entity computed 

from the network. Both theoretical and experimental results 

have demonstrated that the proposed algorithm is efficient 

and effective. Performance of the proposed System is 

determined through the following parameters. 

Precision and recall are calculated in terms of the 

ground-truth community. We construct one “ground-truth” 

community and add noisy interactions in a tensor, and then 

check how different algorithms can recover this community. 

There are two parameters to control the data generation. The 

parameter b is used to control how strong the interactions 

among items in the community. We also construct two 

“ground-truth” communities and add noisy interactions in 

the generated networks. The two communities can be 

overlapped, i.e., an item can belong two communities 

We have proposed a framework Community 

overlapping protocol to determine communities in a multi-

dimensional network based on probability distribution of 

each dimension/entity computed from the network. 

 
Fig. 6.1: Performance Evaluation of the Implemented 

Community Prediction Algorithms 

Experimental results showed in figure 6.1 the 

proposed framework was able to discover high quality 

overlapping communities from different perspectives and at 

multiple granularities, which can be used to facilitate 

different applications, such as group advertising and 

marketing. 

 
Fig. 6.2: Performance Evaluation of the Implemented Friend 

Suggestion Algorithms 

In Figure 6.2 , we can able incur the results 

obtained by friend  suggestion algorithm to the community 

user to enlarge the network also the technique is capable of 

detecting the fake or overlapping users in the community. 

 
Fig. 6.3: Performance Evaluation of the Implemented Place 

Suggestion Algorithms 

In Figure 6.3, we derived the outcome for 

community members for place recommendation based on 

the place familiarity and users place visit frequency in the 

particular community. 

Technique Proposed Existing (multicomm) 

Precision 0.94 0.92 

Recall 0.90 0.90 

Fmeasure 0.92 0.91 

Table 6.1: Performance analysis of the Community 

Discovery frameworks 

Table 5.1illustrate that proposed technique has 

some advantages over the other MultiComm algorithms that 

is one with no direct interaction between the same entities; 

(ii) the second is that the interactions are duplicated in the 

matrix form. Local modularity changes with respect to the 

number of items joined in the community on two generated 

multi-dimensional networks. As each of these two multi-

dimensional networks is represented by multiple tensors, 

here the local modularity refers to the average value of local 

modularity’s corresponding to these tensors. 

A. Effect of Consistency  

Consistency score defines the magnitude of associatively 

between entities in entity-set data. Here, we study the effect 

of consistency threshold in the formation of communities, in 

terms of F-measure with respect to task of entity 

recommendation. As the threshold is increased, the number 

of edges in the co-occurrence consistency graph would 

decrease, resulting in drop in density of graph as well as 

decrease in size and number of communities discovered 

from the graph. As a result, the precision-recall and the 

entity recommendation task also decreases, resulting in low 

F-measure scores. 

VII. CONCLUSION 

We have proposed a framework (MultiComm) to determine 

communities in a multi-dimensional network based on 

probability distribution of each dimension/entity computed 

from the network. Both theoretical and experimental results 

have demonstrated that the proposed algorithm is efficient 

and effective. On the other hand, in social networks, user 

actions are constantly changing and co-evolving.  
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VIII. FUTURE WORK 

In the future work, it is required to adapt the proposed 

model to be time varying. As probability distributions are 

non-stationary in this situation, we must consider and study 

statistically dependence in time-varying Markov chains for 

items of different dimensions to obtain the affinities among 

them in order to find an evolution of communities across 

different time stamps 
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