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ABSTRACT

A web community is a pattern in the WWW which is understood
as a set of related web pages. In this paper, we propose an effi-
cient algorithm to find the web communities on a given specific
topic. Instead of working on the whole web graph, we work on
a web domain, which we extract based on the topic specific search
results. Therefore, the resulted communities are highly related with
the search topic.

The ranking of a community denotes the degree of relevance be-
tween the search query and the extracted communities. We intro-
duce an approach for ranking the extracted communities based on
their dense bipartite pattern. Ranking significantly improves the
relevance of the extracted communities with the search topic.

Categories and Subject Descriptors

H.3.3 [Information Search and Retrieval]: Clustering,Information
filtering, Query formulation, Retrieval models, Search process, Se-
lection process; H.3.5 [Online Information Services]: Data shar-
ing, Web-based services

General Terms

Theory

Keywords

Web community, Ranking web communities, Structured web search,
Dense bipartite graph, Web graph, Domain graph.

1. INTRODUCTION
The World Wide Web (WWW) contains a lot of web pages re-

lated to various types of information. Moreover, everyday new web
pages are added on various new topics. Conventional search en-
gines are used to find web pages related to the search query topics.
However, sometimes it becomes difficult for the users to find the
appropriate result of their search query from the large collection of
resultant web pages provided by the search engine. To make this
job easier, search engines apply several techniques to display them
in more relevant and user friendly ways [4, 5, 9].
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A common technique is to rank the web pages and to show the
higher ranked pages at the top of the display [3, 6, 21]. Another
well studied technique is to present the pages in a structured way by
dividing them into some groups like images, video, webs and so on,
where the groups are selected based on the page content [2,14,23].

Apart from grouping the web pages by their content, there is
another way to group the web pages by communities [11–13, 15,
20,22], where a single community contains the pages that are more
“relevant” to each other. The meaning of “relevant” decides how a
community would be defined. For example, in a web search, among
the web pages that contain the search key(s), the pages whose links
contain similar set of pages can define a community.

However, extracting communities from a vast number of pages is
not an easy task. Previous approaches configured WWW as a web
graph, where each page is a node and a link from one page to an-
other defines a directed edge [7,19]. In a web graph, the nodes hav-
ing links with similar destinations are grouped in “clusters”. Then
each cluster represents a community [22].

Example of a community can be seen in Figure 1, which has
been discovered from the search query of “laptop”. Here the “hub”
pages are of blogs and articles about various brand laptops, and
“authoritative” pages are of various laptop sellers. To get informa-
tion about the term “laptop”, one can go to the “hub” pages to know
about laptops, and then go to the “authoritative” pages to know the
recommendation of the previous laptop users. This approach of
finding web communities can also be applied in “web advertising”.
For advertising of laptop, the manufacturer company can find the
communities of “laptop” as found in Figure 1 and then set their
advertises in the “hub” pages of the higher ranked communities.

Group of

"Authoritative" pages

Group of

"Hub" pages

Web pages of blogs and articles on laptop

[potential pages for advertisement]

Web pages of

various laptop sellers

Figure 1: Community for the search query “Laptop”

1.1 Previous Works
Web structure mining discovers useful and informative patterns

from the hyperlink structure of the web [18,24]. Web community is
one kind of variation of web structure mining. Several approaches
have been developed to extract the web communities from the web
graph [8, 10–13, 15, 20, 22]. The basic difference among these ap-
proaches is the notion by which a community is defined. There
are two types of notions to define the web community: cut based

notion and bipartite graph based notion [15].



In the cut based notion, a community is defined as the set of
web pages which have more links to the member pages of the com-
munity than to the non-members. Flake and colleagues [11, 12]
proposed an algorithm which is based on maximum flow minimum
cut theorem to extract such communities from the web graph.

The bipartite graph based notion comes from HITS (Hyper-link-
Induced Topic Search) algorithm, which was proposed by Klein-
berg [17]. Gibson et. al. [13] defined community as group of au-
thoritative pages which have most number of hub pages pointed to
them. Later, Kumar et al. [20] defined the core of a community as
a group of pages that forms a bipartite clique [16] and proposed a
trawling method to extract all the complete bipartite graphs which
are considered as the cores of the communities. Such a core is used
to find the rest of the community from the web. This approach is
better than the approach of Gibson et. al. [13], as it requires that
in the core of community all the authoritative pages will be pointed
by all the hub pages. However, sometimes its requirements are too
high to discover some specific communities [25]. Reddy and Kit-
suregawa [22] proposed to relax the criteria of complete bipartite
graph and proposed a dense bipartite graph (DBG) based approach.
They first gather the related pages from the web graph and then ex-
tract the communities by extracting the DBGs from the gathered
pages.

1.2 Our Approach
In this paper we introduce a novel approach to find web commu-

nities on a given specific topic. We use the results of specific query
of a search engine (such as “bing”, “google”, etc.) to find web com-
munities related to that topic. We crawl the resultant pages to find
the possible domain of that search topic. Within this domain all
the parent pages are potential hub pages and all the child pages are
potential authoritative pages, and they form a bipartite graph. We
propose an algorithm to find DBG pattern from this extracted web
domain and thus we find the query specific web communities.

We also propose an approach to rank the extracted communities,
where we use two factors–the density of the community and the
ratio of hub and authoritative pages in the community. The higher
ranked communities have more relevance with the query topic than
the lower ranked communities.

The rest of the paper is organized as follows. In Section 2, we
discuss some preliminaries. In Section 3, we discuss the DBG
based approach and the scope to improve on it. In Section 4, we
discuss our proposed approach to extract web communities from
the web domain based on a specific search query topic. In the same
section, we also discuss the ranking of the extracted web commu-
nities. In Section 5 we show our experimental results. Finally,
Section 6 concludes the paper with some scopes for future works.

2. PRELIMINARIES
For a topic specific community search, we use a notion called

domain graph, which is defined as follows. We extract some web
pages form the search query results of a search engine. We crawl
the children pages and parent pages for each of these extracted
pages. Then our domain graph consists of these extracted and
crawled pages and hyper-links between them.

Size of a domain graph is big. If the number of extracted pages
is n and if the number of children and parent pages are nc and np,
respectively, then the total number of nodes in our domain graph is
n(1 + np + nc).

We define a community by two groups of web pages, called hubs

and authoritative pages, that are related to a specific search query.
These hubs and authoritative web pages are related by a DBG pat-
tern. A community is defined as a group of nodes that form a

DBG(T, I, p, q), where T denotes the set of hubs, I denotes the
set of authoritative pages, p denotes minimum number of outgoing
links from ni, ni ∈ T , and q denotes minimum number of incoming
links to nj , nj ∈ I . The corresponding CBG(Complete Bipartite
Graph) pattern of a DBG, can be expressed by DBG(T, I, nI , nT )
where nI denotes total number of nodes in I and nT denotes to-
tal number of nodes in T . Such DBG patterns are extracted from
a set of web pages, which we have found using the resulted pages
of search query and the web pages pointed by the incoming and
outgoing hyper-links of those resulted web pages. Previously [22]
defined community considered only the hub pages. But in our
approach we consider both the hub pages and authoritative pages
since we get query related information from the nodes of both sets
T and I . This proposed notion of web community is described in
details in Section 4.

An edge weight is defined as the number of hyper-links from a
parent node (hub page) to a child node (authoritative page). Sup-
pose there are i number of hyper-link from n node (web page) to
m node (web page). Then the weight of the edge from node n to
node m will be i. Higher weight of the edge from a node n to node
m means that node n is strongly referring node m.

The following fact is important in our results.

Fact 1: In a particular domain graph, for a specific value of p
and q every web page belongs to one distinct community.
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Figure 2: Illustrating Fact 1.

An illustration of Fact 1 is as follows. Also see Figure 2. Sup-
pose, C1 is a distinct community in a domain graph G, where the
values of p and q are specified. In C1, A, B, C are three random
nodes in T and X , Y are two random nodes in I . For each node in
T , there are p outgoing edges to the nodes of I and for each node
in I there are q incoming edges from T . Let, C2 be another distinct
community in the same domain graph G, where values of p and q

are identical to that in community C1. The set T of C2 is also iden-
tical to C1, but the I set is different. Suppose, X , Y , Z are three
random nodes in I set of C2. So, Z has at least q incoming edges
form the nodes of T . According to the definition of community, Z
would be a member of I set of C1 also. Hence, C1 and C2 can not
be two distinct community.

3. DBG BASED APPROACH AND SCOPE

OF IMPROVEMENT
In [22], a community is considered as a set of closely related

pages that form a DBG. From a given data set of web pages, the
algorithm in [22] finds a DBG structure of web pages which is con-
sidered as a community based on the relax cocite relationship. The
algorithm they proposed is explained below.



3.1 The DBG Algorithm
The algorithm in [22] has two phases: gathering related pages

and DBG extraction. In the first phase, the algorithm starts with
one node, which is considered as the initial parent node of set T .
Then in every iteration, for each node in T , all the child nodes are
gathered and added to the child set I . After that, for each node in
I , all the parent nodes are gathered and added to the parent set T .
This process is continued as long as it is possible to gather parents
and children. The gathered parent and child nodes and the cor-
responding edges from parents to children constitute the gathered

graph.
The DBG extraction phase starts with selecting the value of both

p and q. In every iteration, all the nodes in T having outbound
links less then p are discarded. Similarly, all the nodes in I having
inbound links less then q are discarded. This process is continued
until the gathered graph converges to a DBG pattern of commu-
nity. The remaining nodes represent a community. By increasing
the values of p and q the algorithm [22] finds the higher level com-
munities.

3.2 Illustration and Scope of Improvement
According to [22], a single community is represented by a single

DBG pattern. However, it can be found that after the pruning is
executed in the DBG extraction phase, a single communtiy may
contain more than one DBG pattern, which is an inconsistency with
the definition.

For an example, suppose that after the first phase of the algo-
rithm in [22] we have T = {A,B,C, P,Q, T} and suppose that
the graph is like that in Figure 3(a). So, in the pruning phase, the
edges will be {< A,F >,< A,D >,< B,F >,< B,D >

,< C,F >,< C,D >,< C,E >,< P,E >,< P,R >,<

P, S >,< Q,R >,< Q,S >,< T,R >,< T, S >}. When
the DBG extraction method is applied with p = 2 and q = 3, we
will get the community C = {A,B,C, P,Q, T} and the commu-
nity graph will be like that in Figure 3(b). However, there are in
fact two DBG and the corresponding two communities should be:
C1 = {A,B,C} and C2 = {P,Q, T}. Therefore, the member
nodes of C should belong to two distinct communities instead of
one.
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Figure 3: (a) Nodes gathered in the phase of gathering re-

lated pages. (b) Communities founded after the DBG extrac-

tion phase.

4. OUR PROPOSED APPROACH
We present an approach to extract communities related to a spe-

cific topic. Our community extraction algorithm extracts commu-
nities from the domain graph, which we create based on the results
of search engine query. We also propose an approach to rank the

group(c) group(a) group(b)

Figure 4: Pages of group (a) are the initialN pages of the search

query results. Pages of group (b) are found by crawling group

(a) pages (which are not in group (a)). Pages of group (c) are

the parent pages of group (a) (which are not in group (a)).

extracted communities based on their density and hyperlink proper-
ties. Our approach has three steps: (1) domain graph construction,
(2) extraction of communities from domain graph, and (3) rank ex-
tracted communities of specific p, q values.

4.1 Domain Graph Construction
In our approach we construct the domain graph related to a spe-

cific search query topic using the search results of a search engine.
For our experiment we use “bing” as the background search engine.

Suppose we are willing to find communities of search query “A”.
We take first N search results from the search engine for the query
“A” and call these pages initial pages. Web pages found as the
search query result can be both potential hub pages and authori-
tative pages of a community. A potential hub page has outbound
links to potential authoritative pages. All the potential authoritative
pages may not be found in the initial pages. So, we crawl each
of these initial pages to find all the potential authoritative pages.
Again, a potential authoritative page is pointed by many potential
hub pages. Now all the hub pages pointed to the resulted authori-
tative pages may not be found in the initial pages. So we find the
parent web pages of each initial page to gather all the potential hub
pages. We use “bing” for this purpose.

Figure 4 illustrates how we have used crawler and “bing” to re-
trieve domain graph. From this domain graph we extract commu-
nity structures. First we find the N initial pages of group (a). These
N initial pages are the first N results of the specific search query.
Then we crawl the web pages of group (a) and find two types of
pages: (1) some of the outbound links may refer to pages of group
(a) and (2) other outbound links will refer to the web pages not in
group (a).

The second group of web pages are included in group (b). These
web pages are potential authoritative pages (not present in the ini-
tial N resulted web pages). After that we use “bing” to find parent
pages of all the N initial resultant pages. There are two types of
pages among these parent pages: (1) some of the parent pages are
present in the initial N resulted pages (pages of group (a)), and (2)
other parent pages are not included in the search results (pages of
group (c)). The Pages of group (c) are potential hub pages.

There can be links between pages of group (a) to group (a), pages
of group (a) to group (b) and pages of group (c) to group (a). As the
pages of group (a) have both inbound and outbound links, they can
be both hub and authoritative pages. But web pages of group (b)
have only inbound links. So, they can only be authoritative pages.
Finally, web pages of group (c) has only outbound links, so they
can only be hub pages.



4.2 Community Extraction
Given the collection of nodes (web pages), our approach is to

extract communities for specific p and q values. The input of the
algorithm is the N initial pages we found as the search results of
the specific search query topic and the value of p and q. The out-
put contains dense bipartite graphs, such as DBG(T, I, p, q). The
pseudo code of this approach is stated in Algorithm 1.

Our algorithm does gathering and pruning simultaneously. While
gathering the potential nodes of a community, when we find a fa-
ther node having less than p child nodes, or a child node having
less than q father nodes than we prune that node. Consider Fig-
ure 5(a). Suppose the algorithm starts with node A. Later while
evaluating node F the algorithm finds that F has less than q fa-
ther nodes (p = 2, q = 3), hence F is discarded from the set
“CHILD PAGES”. So, the algorithm does not need to consider
nodes G,H . Similarly the algorithm discards node I from the set
“CHILD PAGES” and does not need to consider nodes J,K. But
the previously proposed algorithm of [22] considers all the nodes
of Figure 5(a) in the“Gathering related pages” phase. Hence our
proposed algorithm consumes less memory and time, though both
algorithms extract same community of Figure 5(b).
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Figure 5: (a) Domain graph (b) Communities extracted from

Domain graph

Our proposed algorithm tries to extract community for every ini-
tial N pages. Hence, for a specific topic with N initial pages there
may be several resulted communities. But for a single page of
N initial pages the proposed algorithm will extract a single DBG
pattern (if exists), which is considered as a community. Consider
Figure 3. Suppose we start our algorithm with the father node
A. Later the algorithm gradually evaluates nodes F,D,B,C,E.
While evaluating node E, since it has less than q father nodes (here
p=2, q=3), it is discarded from the set “CHILD PAGES”. Thus
“CHILD PAGES” and “FATHER PAGES” sets are converged and
we found the community C1. Similarly, when the algorithm starts
with node P , Q or T , it finds the community C2. So, starting with
a single node our algorithm extracts a single community which al-
ways consists of a single DBG.

According to fact-1, in a domain graph, a node can be a member
of a single community. So, when we found a father node as the
member of any previously found community we do not need to
proceed the algorithm for that father node any more. So, inclusion
of fact-1 reduces run time significantly.

input : Set of nodes(web pages) W , p, q
output: Set of communities in the form of DBG(T, I, p, q)
for every page Si of input set W do

if number of children pages of Si ≥ p then
insert child pages of Si in the set “CHILD PAGES”;

end

else
NO community found for Si ;

end

mark Si as seen;
repeat

for every page Ci of the set “CHILD PAGES” do

if Ci is not marked as seen then
if number of father pages of Ci ≥ q , in the

“Domain Graph” G then
insert father pages of Ci in the set
“FATHER PAGES” ;
mark Ci as seen;

end

else
delete Ci from the set “CHILD PAGES”,

end

end

else if Ci is marked as seen then
if number of father pages of Ci is less than q

,in the set of “FATHER PAGES” then
delete Ci from the set “CHILD PAGES”;

end

end

else if Ci is in any previously found communities

for the same value of p, q then
No new community found for Si

end

end

for every page fi of the set “FATHER PAGES” do

if fi not marked as seen then
if number of children pages of fi ≥ p , in the

“Domain Graph” G then
insert child pages of fi in the set “CHILD
PAGES” ;
mark fi as seen;

end

else
delete fi from the set “FATHER PAGES”;

end

end

else if fi is marked as seen then
if number of child pages of fi < p in the set

“CHILD PAGES” then
delete fi from the set “FATHER PAGES”;

end

end

else if fi is in any previously found communities

for the same value of p, q then
No new community found for Si

end

end

until the sets “CHILD PAGES” and “FATHER PAGES”

are converged;

end

Algorithm 1: Extracting Web Communities



4.3 Ranking
According to our proposed notion of community, we can say that

if the DBG structure of the community is close to its corresponding
CBG structure, then the pages of the community are highly inter-
linked. Therefore that would be a better community. To rank the
community we consider the edge weight among two nodes. Higher
edge weight denotes that the child node is highly referenced by the
parent node. So we use ratio r1 in ranking as follows,

r1 =

∑
edge weight in the extracted DBG

number of edges in the corresponding CBG
(1)

A higher value of r1 refers to higher interlinks and strong refer-
ences between hub and authoritative pages. Again, from our pro-
posed notion of the community, if an authoritative node is refer-
enced by many hub nodes then the community is better. For an ex-
ample, consider two communities C1 and C2, where in community
C1, the number of hub nodes are 5 and the number of authoritative
nodes are 3, and in community C2, the number of hub nodes are 4
and the number of authoritative nodes are 4. Then we will consider
C1 to be a better community than C2. Formally, we introduce the
r2 ratio in ranking as follows,

r2 =
number of nodes in T

number of nodes in I
(2)

Here, T is the set of Hub nodes and I is the set of Authoritative
nodes. A higher value of r2 refers to higher hub-authoritative ratio.
The final ranking (r) of the community is represented as

r = r1 ∗ r2 (3)

Higher value of r refers to the better communities. Here, we
use the multiplicative measure. Because from our experiment we
find that, multiplicative measure gives better result than additive
measure.

5. Experimental Results
In this section we present the experimental results that we con-

ducted on our proposed approach. We have implemented our al-
gorithm in php and run a preliminary simulation on a 2.3 GHz PC
with Intel core i5 processor and 4 GB memory. We have uploaded
our code, which is free to access, at [1].

5.1 Domain Graph Collection
In our experiment while collecting the initial pages we use N =

100, 150 and 200. Then the constructed domain graph is stored
in MySQL database. In this phase we exclude some of the web
pages from our consideration (pages come from the outbound links
of the search result), as they can never be a potential authoritative
page. For example the pages like: “terms and conditions”, “poli-
cies”, “privacy”, “copyright”, “contact us”, “general disclaimer”,
“advertising overview”, etc.

5.2 Community Extraction Phase
For each topic specific community search, our approach extracts

communities from domain graph for specific p and q values. While
conducting the experiment we initially set p = 2 and q = 3, and
extract the communities. Then we increase the value of the p and q

by one and again conduct the whole community extraction process
to find the denser communities. We continue this increment process
until no more community is found.

5.3 Findings
We run our experiments for 30 search queries. From that exper-

imental results here we show 6 random examples.
In Table 1 and Table 2 we show some random results of the pro-

posed community search algorithm. These tables include the size
of domain graph, number of extracted communities, size and rank
of the best community for specific p and q values, and the per-
centage of relevance of community’s nodes with that query topic.
Results in these tables reflect that the higher value of p, q results
in a higher ranked community. This is because when the value
of p, q increases the density of interlinks between the nodes of T
and I increases. As a result value of the parameter r1 [equation
1 in section 4.3 ] increase which increases the rank of extracted
communities. Also, with the increase of p, q value the number of
communities reduces. Because when the value of p, q increases the
loosely related communities are pruned. Table 1 and 2 also show
that higher ranked communities have more relevance with the query
topics. Because the higher the rank of community the denser it is.
And denser communities have less irrelevant nodes. That is be-
cause most of the topic irrelevant nodes are loosely connected with
the nodes of set T and I . And such nodes are discarded with the in-
crease of p, q value. So, higher value of p, q refers to higher ranked
and highly relevant communities.

Consider the example of “Xbox 360” in Table 1. When we take
first 150 pages from the query result we get a domain graph with
10927 web pages. Initially we set p = 2 and q = 3 and extract
2 communities from the domain graph where the best community
has rank value, r = 0.049 and 82.5% nodes of the communities
contain information related to “Xbox 360”. Later we gradually in-
crease the value of p, q and get higher ranked communities with
more relevant nodes. While increasing their values when we set
p = 5, q = 6 the number of communities are reduced to 1, since
only highly dense community exist for higher value of p, q. This is
because then the irrelevant nodes are discarded from the sets T and
I . So the loosely related communities are pruned. We increase the
value of p and q until 10 and 11 since there exists no community
for p = 11, q = 12. With increase of value of p, q the rank of best
ranked community increase from 0.049 to 0.248 and relevance of
nodes in communities increase from 82.5% to 91.3%. Hence for
search query topic “Xbox 360”, we find higher ranked and more
related communities for higher value of p, q.
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Figure 6: Comparing run time with previous algorithm

As we simultaneously execute gathering and pruning the run
time reduces significantly. To show this improvement of run time,
we apply our algorithm and the previously proposed algorithm of



Query Number
of search
query
results

Number of
pages in
the Domain
Graph

p q Number of
Communities

Best Com-
munity
Rank

Best Ranked Com-
munity Size

Relevance
of nodes in
communi-
ties

T I

Xbox 360 100 8799 2 3 2 0.042 11 53 82.8%
3 4 1 0.201 14 78 83.6%
4 5 1 0.213 14 65 84.8%
5 6 1 0.218 10 51 85.2%
6 7 1 0.231 9 46 87.2%
7 8 1 0.238 5 37 90.4%

150 10927 2 3 2 0.048 15 76 82.5%
3 4 2 0.049 5 11 81.2%
4 5 1 0.197 18 89 85.1%
5 6 1 0.200 18 88 85.9%
6 7 1 0.216 18 84 88.2%
7 8 1 0.216 18 84 88.2%
8 9 1 0.241 14 76 90%
9 10 1 0.242 11 56 91%
10 11 1 0.248 7 51 91.3%

200 12109 2 3 2 0.043 6 19 80%
3 4 2 0.051 5 13 83.3%
4 5 1 0.239 21 102 84.5%
5 6 1 0.281 21 99 85.8%
6 7 1 0.298 19 92 86.4%
7 8 1 0.305 19 88 88.7%
8 9 1 0.312 18 85 89.3%
9 10 1 0.340 11 79 90%
10 11 1 0.358 9 63 90.2%

Alan Turing 100 5257 2 3 1 0.09 92 68 92.5%
3 4 1 0.40 19 17 93.4%

150 8910 2 3 1 0.07 136 106 91.9%
3 4 1 0.21 35 38 92.5%
4 5 1 0.40 16 21 94.8%
5 6 1 0.78 9 11 95.6%

200 10793 2 3 1 0.05 158 145 90%
3 4 1 0.17 41 47 91.4%
4 5 1 0.41 19 22 92.6%
5 6 1 0.60 13 15 94.8%

Hero Honda 100 4205 2 3 4 1.56 4 3 82.5%
3 4 1 0.72 4 6 83.6%

150 7383 2 3 7 1.56 4 3 82.5%
3 4 2 4 5 4 83.1%

200 10472 2 3 9 3.5 3 2 80.4%
3 4 4 2.04 6 7 83.3%
4 5 1 0.82 5 7 84.5%

Job Bangladesh 100 6744 2 3 1 0.128 43 21 93.6%
3 4 1 0.221 35 13 93.7%
4 5 1 0.232 21 9 96.6%

150 7320 2 3 2 2.5 5 2 94.7%
3 4 1 0.404 65 28 96.2%
4 5 1 0.526 46 21 97.01%
5 6 1 1.083 7 6 100%

200 9788 2 3 2 2.5 5 2 93.2%
3 4 1 0.44 89 43 94.6%
4 5 1 0.57 74 31 95.2%
5 6 1 0.93 33 7 97.5%

Table 1: Performance of community search for the queries- Xbox 360, Alan Turing, Hero Honda, Job Bangladesh



Query Number
of search
query
results

Number of
pages in
the Domain
Graph

p q Number of
Communities

Best Com-
munity
Rank

Best Ranked Com-
munity Size

Relevance
of nodes in
communi-
ties

T I

Nokia Asia 100 7349 2 3 1 0.182 29 45 83.7%
3 4 1 0.475 15 11 84.6%
4 5 1 1.085 8 7 86.6%

150 8128 2 3 1 0.128 40 50 84.4%
3 4 1 0.438 19 16 94.28%
4 5 1 1.061 9 7 100%

200 10329 2 3 1 0.141 60 67 85.03%
3 4 1 0.395 32 49 92%
4 5 1 0872 15 9 92%

Ubuntu 100 7980 2 3 1 0.019 78 187 93.9%
3 4 1 0.049 11 132 94.4%
4 5 1 0.054 5 113 95.7%

150 9215 2 3 1 0.021 118 254 93%
3 4 1 0.041 11 147 94.9%
4 5 1 0.043 6 139 95.8%
5 6 1 0.045 6 132 96.3%

200 11239 2 3 1 0.022 139 312 88.9%
3 4 1 0.048 108 243 91.4%
4 5 1 0.087 22 183 92.6%
5 6 1 0.157 13 143 94.8%

Table 2: Performance of community search for the queries- Nokia Asia, Ubuntu

With Fact−1

Without Fact−1
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Figure 7: Improvement in run time for introducing Fact 1

[22] on the same domain graphs. Figure 6 shows the average time
difference of the two algorithms to find a community starting with
a single initial node. This illustration reflects that, the average time

reduction for 30 queries is- 80.7% when p = 2, q = 3; 90.4%
when p = 3, q = 4; 85.7% when p = 4, q = 5; 84% when p = 5,
q = 6; 86.7% when p = 6, q = 7; 83.3% when p = 7, q = 8;



90% when p = 8, q = 9.
It should be noted that we introduced Fact 1 in our approach.

Without this fact we have to execute community extraction proce-
dure for all of the web pages of group (a) of Figure 4. But in this
procedure similar communities are extracted more than once. Us-
ing Fact 1 we can avoid this repetition that would reduce the run
time of community extraction significantly. For the 30 queries in
our experiment, the average run time reduction is about 90%. Fig-
ure 7 reflects the reduction of time in 6 random search queries due
to introduction of the Fact 1.

6. CONCLUSION
In this paper, we propose an approach to extract communities

related to a specific search query topic and represent the communi-
ties in a rank based notion. We take first few resulted pages on the
query topic from a search engine and then make a “Domain Graph”
crawling these resulted pages. We propose an algorithm to extract
the clusters from this domain graph. These clusters represents the
communities on the search query topic. Then we use a ranking ap-
proach to rank the extracted communities to show the search query
result in a structured way.

Our approach was based on bipartite notion of community. This
approach can be extended to find communities defined by other no-
tions, which may give more relevant and structured search results.

There are many other patterns in WWW. If we can extract and
integrate these patterns with web search then various types of struc-
tured search can be introduced.
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