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ABSTRACT 
Question-answer communities are expert centric large-scale 
information sharing platforms where experts can be incorporated 
directly or discovered from the communities to provide support 
to the users who are looking for expert advice. Discovering an 
expert is a complex task that requires interpretive or structural 
analysis of the community. The interpretive analysis incorporates 
techniques such as content analysis, surveys, and ethnography to 
capture the behaviours and interactions within groups. The 
structural analysis uses formal methods like structure analysis 
and clustering to identify the important roles in the community. 
Structural analysis is mostly used for analysing online 
communities. Most of the existing expert discovery methods use 
structural analysis without graph attributes. In this paper, we 
proposed a structural analysis approach to discover expert role in 
a support-needed-community by utilising graph attributes. The 
proposed method is developed specifically for exploration and to 
accomplish visualisation requirements. We discovered the expert 
role by using threaded question-answer relationships among 
people of different occupations. Experimental results demonstrate 
that the proposed method is faster and effectively find an expert 
in real-world online communities as compared to existing popular 
methods. 
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1 INTRODUCTION 
In today’s connected world, the Social Networking Sites (SNS’s) 
are successful phenomena [4]. Because of the constant growth of 
contents on social media, it is sometimes challenging to find out 
the appropriate information to fulfil the specific material 
necessity. The required information may be hidden in Question 
and Answer (Q&A) portals or encapsulated in the web pages [21]. 
In Q&A portals, users exchange information in the form of 
questions and answers. Q&A is a type of social media platform, 
also called communities, where people from different 
backgrounds interact with each other on different issues. Anxiety 
and Panic (A&P) Communities, a type of Q&A community, are 
built to provide social support to patients. The support can be 
provided either by other users or by experts who try to reduce the 
patient’s panic or anxiety by realising them that they are not 
alone. These communities can have users of diverse backgrounds, 
experiences, expertise and social values. Users in a community 
can interact and behave with each other in different ways. The 
dominance of one type of behaviour within the community can 
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affect its growth negatively. For example, users can leave a 
community if there are technical issues, no expert available to 
answers questions, or mismanagement of contents. Currently, 
there is inadequate understanding of how these online 
communities function and what principles are necessary to keep 
a community’s growth healthy. The growth of online 
communities also depends on some active users. The users who 
participate more actively, to answer the questions, asked by other 
users, are called experts [2, 24]. Experts can either be incorporated 
directly or can be discovered from within the community based 
on users’ behaviour, their social aspects, and their connections to 
the other community members.  

Discovering experts from a Q&A community is a complex 
task as the expertise varies from field to field and user to user. 
Interpretive Analysis and Structural Analysis are two different 
approaches used to identify experts or expert roles. Golder and 
Donath [15] method is an example of interpretive analysis 
approach. Interpretive analysis based methods identify roles using 
techniques such as content analysis, surveys, and ethnography. 
To understand the structure of the groups and social systems, 
these methods are commonly used by sociologist and 
anthropologists. Although, interpretive analysis based methods 
are popular but it is difficult to identify roles, reproduce contents, 
and make inter-community comparisons when using these 
methods. Structural analysis based approaches [3, 7, 10, 17, 22, 34, 
35] use formal methods such as structure analysis or clustering to 
identify the important roles within the community. A set of 
behavioural features can be identified from social network graph 
using structural analysis based methods to identify expert roles. 
In literature, some researchers proposed role identification 
methods based on the structural analysis procedure to discover 
expert role by using social network structure without using 
attributes [2, 9, 13, 26]. Contrarily, some research studies [6, 33] 
suggest that augmenting network structure with user attributes 
can deliver fine-grained information of social network structure. 
In many real-world networks, the graph topological structure and 
the vertex properties are equally important. For example, in a 
social network, vertex properties describe the social roles of a user 
and topological structure characterises the relations among a 
group of users [12, 16]. Clustering method of the attributed graph, 
groups the objects based on both structure and attributes to 
balance the structure and similar properties of the vertices [25]. 
Currently, experts finding methods have not been thoroughly 
studied by using social network structure with attributes. 

In this paper, an improved attributed graph clustering 
method is proposed to discover active users or experts in the 
online community. It does not comprise of any random number 
nor has the need for any predetermined number of communities. 
It is developed specifically for community exploration and to 
accomplish visualisation requirements. The proposed method 
works by trimming attributed graph to a single weighted graph 
using Self-Organizing Maps (SOM). Then, the edge weights are 
modified according to generalised Minkowski distance, and 
connected subgraphs are calculated for performing community 
detection procedure. We discovered the expert role by using 
threaded question-answer relationships among people of different 

occupations. Our method can detect the number of clusters 
automatically on the basis of node degree distribution of a given 
graph. It is particularly beneficial for visualisation and its running 
time is very less as compared to other relevant algorithms. 
Experimental results demonstrate that the proposed method is 
faster and able to effectively find experts in real-world online 
communities as compared to existing popular methods. 

The rest of the paper is organized as follows. Section 2 
presents related work and preliminary concepts. Section 3 
describes the proposed attributed graph clustering methodology. 
Section 4 shows experimental results and Section 5 concludes the 
paper.  

2 BACKGROUND STUDY  
The social network is not a new research area to study. Since the 
beginning of the first human society, social networks have been 
studied to investigate individual and collective human behaviours. 
In the academic world, research on social networks can be traced 
back to the first decade of the twentieth century. The most 
influential early work on social network analysis is the seminal 
paper Contacts and Influence [28], written in 1950's. As with the 
development of social networking sites, most of the researchers 
focused on developing methods for analysing the important 
people in the social networks. Schwartz and Wood [27] located 
people by observing communication patterns in e-mail logs. A set 
of heuristic graph algorithms was used to cluster people by shared 
interests. Methods of discovering knowledgeable people, about a 
particular topic, were identified as one of the potential research 
areas. Campbell et al. [8] analysed the link structure, defined by 
senders and receivers of emails, by using a modified version of the 
HITS algorithm [19]. It was used to identify authorities by 
creating expertise graph that used e-mail headers and from/to 
fields. Expertise graph contained people as nodes and e-mail 
messages as edges. Their work established that utilising only the 
authority scores, from HITS for candidate ranking, resulted in 
better precision but lower recall. Other sources for constructing 
social networks includes chat logs [14], community-based 
question answering systems [1], or co-authorship information 
from bibliographic databases [32].  

Zhang et al. [31] analysed a large, highly specialised help-
seeking community. They tried to recognise users with high levels 
of expertise. The social graph was built from post-reply user 
interactions with edges directed from questions to answers to 
reward answering activity. Three measures were compared, 
including answers/questions ratio. Noll et al. [23] proposed a 
method which assumed that an expert should be one who had a 
tendency to identify useful resources before other users discover 
them. They also applied an HITS-like algorithm to exploit mutual 
strengthening relationship between documents and users. They 
distinguished between followers and discoverers who were meant 
to be experts in this case. Weng et al. [30] proposed TwitterRank, 
an extension of PageRank algorithm, which was supposed to 
measure the influence of users on Twitter. The difference of 
TwitterRank from PageRank is that the random surfer performs a 
topic-specific random walk via friendship connections, i.e., the 
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transition probability from one Twitterer to another is topic-
specific. So, it discovers not only the areas of expertise of Twitter 
users but also finds experts in these areas. Aslay et al. [2] proposed 
the competition based expertise network, a unique structure that 
constructed the expertise network by creating ties between the 
best answerer and another answerer, combined with graph 
centrality metrics to identify the experts. Davoodi et al. [13] 
presented a hybrid method for an expert system that incorporates 
the features of content-based recommendation algorithms into a 
social network based collaborative filtering system. Rowe et al. 
[26] proposed a method to analyse the communities constructed 
on their role compositions. They proposed a behaviour ontology 
that captured the user behaviour within the context of time and 
community. Their method tuned the roles for a given community 
platform using statistical clustering. Cao et al. [9] used the 
clustering technique to re-rank experts. Persons were clustered 
according to their co-occurrences with topics and other persons. 

Zhou et al. [33] proposed the incremental clustering algorithm 
(Inc-Cluster) that incrementally updated the random walk 
distance matrix in the context of graph clustering with structural 
and attribute similarities. The problem of this method is its 
computational time due to overhead of incremental approach. The 
runtime increases dramatically as the number of clusters 
increases. Dang and Viennet [12] studied the homophily concept 
that is the relationship between attribute similarity of users and 
the topology of social networks. They proposed two approaches 
that includes SAC1 and SAC2, to extract the communities in an 
attributed graph. SAC1 approach was based on the modification 
of Newman’s modularity function. Newman’s modularity didn’t 
include the attribute similarity, however SAC1 included the 
attribute similarity. SAC1 used the random walk method to select 
the communities that leads to its higher running time which is 

2( )O n . Another approach, SAC2, was divided into two phases. 

Firstly, it constructed a k-nearest neighbouring graph kG and 

tried to find the structural communities in kG to obtain final 

clustering. In the second phase, Louvain method [5] was used to 
find the communities. Cruz et al. [11] proposed a method that 
combined the information of network topology and network 
semantic information. According to them, semantic information 
can be divided into subsets of information called a point-of-view. 
Their community detection process was divided into two phases. 
During the first phase, the point-of-view clustered by using 
Kohonen maps [20] and then fast unfolding algorithm proposed 
by Blondel et al.[5] was used. The first problem in the Blondel et 
al. algorithm  [5] is that the solution for selecting the nodes as 
initial community members. Starting with this type of node 
selection is relatively poor criteria. Secondly, the output of the 
algorithm depends on the order of the nodes. The ordering of the 
nodes can also influence the computational time of the algorithm. 
On sparse social networks, the overall complexity of Cruz method 

is 
3

( * . )O Fv v where *Fv  is the number of features in the 

point-of-view.  
Our proposed method is different from the above methods 

because our research aim is not to rank the experts but to find out 

the important individuals or experts within the online community 
by using attributed graph clustering.   

2.1 Preliminary Concepts 
Following definitions are important to understand proposed 
methodology of attributed graph clustering.    
Definition 1: Attribute Augmented Graph. Let ( , , , )G V E F  

be an undirected or directed graph, where 1 2{ , ,..... }nV v v v  is a 

set of N vertices, { , }i jE v v is a set of edges, 1 2{ , ,..... }ma a a   

is a set of m categorical attributes, and 1 2{ , ,.... }tF f f f  is a set 

of function map of each element in the attribute.  
Definition 2: Attributed Graph Clustering. The aim of 
attributed graph clustering is to partition the vertex set V of an 

attributed graph G into k disjoint subgraphs 1 2( , ,...., ),kv v v where 
k

i

i=1

v  and i jv v    for any i j . An ideal attributed graph 

clustering is to generate clusters that have organised intra-cluster 
structure with homogeneous vertex properties by balancing the 
structural and attribute similarity.   
Definition 3: Node Attributed Graph. The aim of node 
attributed graph clustering is to detect the groups of nodes that 
share the common characteristics regarding their attributes and 
their position in the graph. Formally, node attributed graph can 
be expressed as a triplet ( , , )G V E F , where each node of V is 

associated with a set of attributes, denoted as a feature vector 

1[ ( ),.... ( )]af v f v .   

3 PROPOSED ATTRIBUTED GRAPH 
CLUSTERING METHOD 

3.1  Problem and Methodology 
Clustering algorithms are commonly used to reduce the visual 
complexity for exploring a large graph and detecting densely 
connected subgraphs. Most of the current attributed graph 
clustering methods do not focus on the visualisation requirements 
and lack in exploration capability. To explore the behaviour 
patterns of the experts in a community, we proposed an attributed 
graph-clustering method. The proposed method is developed for 
exploration purpose and aims to fulfil visualisation requirements. 
It trims the node attributed graph to a single weighted graph, as 
shown in Figure 1(b), where weights represent the attribute 
similarity. We use SOM algorithm [20] to convert or combine the 
relevant attributes. Mostly, SOM is used to find the latent 
information i.e. to create the similarity between nodes. The 
resultant weighted graph is finally clustered by using improved 
clustering algorithm. In Figure 2, the general architecture of 
proposed attributed graph clustering methodology is presented. 
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(a) A simple node attributed graph  

 

(b) Attribute similarities are stored in edge weights 

Figure 1: Simple node attributed graph to attribute 
similarity Graph  

 

 

Figure 2: General architecture of proposed attributed 
graph clustering methodology 

 
Before the execution of clustering method, edges weights are 
changed according to SOM. For each pair of neighbor vertices 
( , )i jv v i j V   the weight of the edge ( , )i je v v is modified using 

generalized Minkowski distance. The graph is converted to 
weighted graph to calculate the modularity by summing the 
weights. This weighted graph also indicates the nodes that are 
semantically close to each other therefore, having a stronger 
connection between them.   
Our graph clustering algorithm efficiently determines the number 
of clusters. In our algorithm, Initial seed nodes are selected having 

degrees greater than the sum of the average degree and standard 
deviation of a graph. There may be some nodes remaining in the 
same cluster after initial seed node selection procedure. To refine 
the seed nodes, common neighbours are calculated for each pair 
of seed nodes. If the sum of the degree of these common 
neighbours is greater than half of the corresponding seed node’s 
degree, then that node is removed from that pair. This procedure 
is summarised as follows: 
 Choose the seed nodes (each seed node represent a cluster) 

 Refine the seed nodes. 

 Rest of the nodes put into clusters where its neighbour 
belongs to. Calculate ΔQ using equation (1) and then add it 
to the cluster where ΔQ is minimized. This step is repeated 
until each rest of the nodes joins a cluster. 

 

  ,

,

( )bet i i in bet

in i in in

k k
Q

k

    
   

    

  (1) 

       
where ik is the sum of the weights of links incident to the node,

bet is the sum of the weights of between links, in is the sum of 

the weights of links inside C and ,i ink is the sum of the weights of 

the links from i to nodes in C . 
The overall time complexity of proposed attributed graph 
clustering method is described in equation (2), that is TSOM + 
Tsimilarity+ Tclustering: 
  

2
( ) ( ) ( log )complexity vT O F n O E O v v      (2) 

3.2  Clustering Algorithm  

Input ( , )G V E  is an adjacency matrix of a connected graph, 

Conn  = A vector whose elements specifies the connected 
subgraph membership of each node. 
Output: C   An indicator vector whose elements identify the 
cluster membership of each node. 
 
Steps: For each connected subgraph G’ of G 
1. Calculate degree of each node in G’; 

2. Calculate average degree and its standard deviation; 

3. Generate initial seed node sets N’; 

4.  Refine seed set N’ as the initial cluster member; 

5. Calculate the neighbours of each node Neighbour i; 

6. for each vertex vi in V’, if vi ∈ N’, then set Ci ← i, else set 
Ci ← -1; 

7. for each i ∈ V’-N’, remove node i from the cluster ci that it 
belongs to, and move it to its each neighbour node j’ 
cluster cj if cj is not equal to -1, then gain a ∆Qcj ; 
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8. min ∆Q is the minimum value of all ∆Qcj , move node i to 
min∆Q’s corresponding cluster. If there is no ∆Qcj get in 
Step 7, then move node i back to ci; 

9. Repeat Step 7 and Step 8 until each node belongs to a 
cluster and is no longer change its cluster. 

4 EXPERIMENTS AND RESULTS 
In the first part of this experiments section, we have examined the 
expert’s role in social support A&P community. Anxiety and Panic 
(A&P) community is one of the mental health community of 
WebMD [29]. As introduced above, this A&P community is a 
combination of discussion group, Q&A sessions, and has a large 
and active population. We have manually crawled one-year data 
from A&P community, comprises of 938 nodes and 1,320 edges. 
The collected data only covers those people who have received at 
least one reply or replied to at least one message during the study.  
This data includes the date when the message was sent, address 
of the sender, address of replier, subject of the post, and user’s 
profile information e.g., gender, occupation, place lived, age etc. 
For experiments we divide the user’s occupation into eleven broad 
categories, including: Academics (Professors, Teacher, etc.), 
Cultural (Actors, Musicians, Philosopher, Writers), Medical 
experts (physicians, psychologist, etc.), Industry (Finance, 
Architecture, etc.), Public servants (Firefighters, judges, military 
officers, etc.), Transport (Air traffic controller, Aircraft Pilots, 
etc.), Scientists (Astronomers, Biologists, chemist, etc.), 
Technology and Techniques (Programmers, Web Developers, 
etc.), Management related  (Administration, Business Directors, 
etc.), Engineers (Electrical, Mechanical, etc.), Other (Students , 
House Wives, etc.). 
Experiments are conducted to explore who are important 
individuals within the A&P community and how to recognize 
present experts in this community who are giving social support 
to patients.  

4.1  Clustering and Visualisation 
To explore the expert’s role, we discover the potential patterns of 
user’s connections among user’s occupation by using proposed 
attributed graph clustering method. By changing the attributes, 
the proposed methodology can be used to explore the user’s 
potential patterns based on other user’s profile attributes such as 
age, etc.  The visualisation results of proposed and Cruz method 
[11] by using one-year dataset of A&P community present in 
Figure 3 and Figure 4 respectively, where the categories of 
occupation are encoded in different colours. ForceAtlas2 layout 
algorithm proposed by Jacomy [18] is used for getting the 
visualisation results of proposed and Cruz method. As Figure 3 
shown; the graph contains many small and disconnected 
components. However, a significant number of people are 
connected with the medical expert community (within the black 
circle in Figure 3), which is the large connected component. 
Another large component is public servant community but it is 
smaller than the medical expert community. This online 
community is a good example of sparse real-world graph while in 
many cases real-world social network graphs are sparse. The 

results show that there exists an expert role in A&P community. 
In figure 3, the biggest community is “Medical Expert” 
community. 

 

Figure 3: Visualization of A&P community by using 
attributed graph clustering method 

 

Figure 4: Visualization of A&P community by using Cruz 
Method 

 
By comparing results presented in Figure 3 and Figure 4, it is clear 
that our method reduces the visual complexity by detecting 
connected subgraphs, so it is suitable for exploration of medium 
and large scale graphs. We also compared the proposed method 
with Cruz’s method by using three quality measure matrices i.e. 
modularity, density, and entropy. The definition of density that 
we used is following.  
Given a graph ( , )G V E  where V  represents nodes and E    

represents edges and a partition 1, 2( , ,.... )kC C C C of G , C     

represents the communities of the graph. Density is defined as:  
 

          
1

density= ( )
i C

i

C

C E C
E




    (3) 

 where ( )iE C  is the set of edges that start and end within the thi

community. Density denotes the ratio of edges lies within the 
communities. Higher density represents a better clustering. The 
definition of entropy that we used is the following:  
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1

entropy= ( ) ( )
i

i

C C

c H C
V 

  H                             (4)                                         

1

( ) ln (1 )ln(1 )
r

i ij ij ij ij

j

H C p p p p


       

where ( )iH C  is the entropy of the thi community, r is the 

number of attributes and ijp  is the proportion of elements in the 

community, iC  has the same value of the attribute j . The 

objective of the attribute clustering is to reduce the entropy. 
According to the quality measure results, shown in Table 1, it is 
evident that the proposed method performed better than Cruz’s 
method. Specifically, the proposed method showed the better 
results in terms of the running time and density of the clusters.    

Table 1: Comparison of proposed method with Cruz 
Method 

 

4.2  Other Real-World Dataset Experiments 
For the evaluation of proposed method, it also compared with two 
state of the art algorithms including SAC1 proposed by Dang and 
Vinnet [12] and Inc-Cluster method [33] proposed by Zhou et al. 
Two real-world graph datasets, including Political Blogs and US 
patent citation are used for comparison of proposed, SAC1 and 
Inc-Cluster method.   

Political Blogs Dataset. The political blog network dataset 
is a network of 1,490 web blogs on US politics with 19,090 
hyperlinks between these web blogs. In the dataset, each blog has 
an attribute describing its political leaning as either conservative 
or liberal.    

US patent citation Dataset. Patent data from the year 1991-
1995 is used. The graph contains 10, 0000 nodes, 18,8631 edges and 
five attributes. Each patient is represented as nodes in graph and 
citation between patient are represented as edges of the graph.      
In Table 1, experimental results by using A&P community dataset 
have shown, while in Table 2 the experiments have done by using 
other two real-world datasets. Table 2 results on the real-world 
datasets prove that proposed method is a balanced method 
between attribute and structural similarity. In Table 2 PM 
indicates (Proposed Method) and Inc(Inc-Clustering). 

 

  

Table 2: Comparison of proposed method with other 
relevant algorithms 

 
Network Running Time  Entropy  Density  

PM Inc SAC1 PM Inc SAC1 PM Inc SAC1 

Political 20.54 65.50 45.8 0.01 0.52 0.06 0.99 0.75 0.91 

Patents 1200 5400 6500 0.95 3.12 2.30 0.80 0.52 0.65 

 

5 CONCLUSIONS 
In this paper, the work of integrating the structural and attributive 
data has been thoroughly analysed in the context of expert 
finding. We used improved attributed-graph-based method for 
finding expert in A&P community. It has also been evaluated on 
two large-scale real-world data sets by using three quality 
matrices. The results showed that proposed method achieves 
flexibility in combining structural and attributes similarity.  
Proposed method is compared with three related state-of-the-art 
algorithms. It is evident from the experimental and comparison 
results that the proposed method is superior specifically regarding 
running time and density measure of the clusters.   
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