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Abstract  In this report, we discuss algorithms for community search (also called community detection), based on tree 

decomposition. In the tree decomposition of a graph, each tree node is labeled with a set of graph vertices, and each clique in 

the graph is always contained by a tree node. Also, tree nodes containing an identical graph vertex are always connected. Using 

such properties, we discuss an algorithm that finds a community that contains a given query node set. In addition, we calculate 

linkScore of each vertex in every tree node after tree decomposition. Use linkScore as boundary conditions to improve the 

accuracy of community-search algorithm. By pre-computing tree decomposition, the task of finding communities can be 

reduced. We show experimental results on community detection over real data sets. 
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1. Introduction 

Graphs are one of the most ubiquitous data 

representations, and they find applications in a wide range 

of areas including physics, biology, social sciences, and 

information technology. With the increasing availability of 

very large networks, there is a need for designing efficient   

algorithms for graph mining and for discovering latent 

structures in graphs.  

Discovering communities in graphs and social networks 

has drawn a large amount of attention in recent years [1, 2, 

3, 4, 7]. It has been one of the mostly well-studied 

problems in graph mining. The general notion of 

community structure in complex networks was first 

pointed out in the physics literature by Girvan and 

Newman [4], and refers to the fact that nodes in many real 

networks appear to group in subgraphs in which the 

density of internal connections is larger than the 

connections with the rest of nodes in the network. 

  Community-search is a popular topic in a wide range 

of areas. Most of the work focused on the scenario where 

communities need to be discovered in an a-priori manner, 

with only reference to the input graph. However, in many 

application scenarios, we are interested in discovering the 

community defined by a given set of nodes, where nodes 

may represent users of interest, or given criteria. 

 In this paper, we study a query-dependent variant of 

the community-search problem using tree decomposition. 

Our problem formulation takes as input an undirected 

graph G (V, E), and a set of query vertices, and the task is 

to find a densely-connected sub-graph of G that contains 

the query vertices. We use the tree decomposition 

technique to preprocess the graph G to improve the 

performance in exploring communities from various query 

vertices. 

 Note that from now on, to avoid confusion with tree 

nodes of a tree decomposition, we refer the nodes of G as 

vertices, and a node in an tree decomposition is referred to 

as a tree node or simply a node. 

In graph theory, tree decomposition is a mapping of a 

graph into a tree that can be used to speed up solving 

certain problems on the original graph. The tree-width 

measures the number of graph vertices mapped onto any 

tree node in the optimal tree decomposition. It is NP-hard 

to determine the tree-width of a graph [29]. Many 

instances of NP-hard problems on graphs can be solved in 

polynomial time if their tree-width is bounded by a 

constant [18, 19, 20].  

Tree decomposition has been used for a number of 

applications, like combinatorial optimization problems, 

expert systems, computational biology, etc. Utilizing tree 

decomposition for shortest path problem in large graphs is 

shown in [5].  

In the tree decomposition of a graph, each tree node 

contains a set of graph vertices, and each clique in the 

graph is always contained by a tree node. Also, each 

vertex in the graph induces a connected subtree in the 

decomposed tree, and the tree nodes belonging to a 

community C is also a subtree. In the subtree containing a 

community C, each tree node includes multiple vertices 

which also appear in community C. We call the number of 

vertices which appear in community C of a tree node 

community width. The community width can be used to 

measure the density of relationship between a tree node 

and a community.  We can terminate exploring the tree 



 

 

decomposition if the community width decreases to a 

predefined level. This allows us to search communities 

locally on the tree decomposition. 

 The rest of the paper is organized as follows. In 

Section 2 we explain related work, and in Section 3 we 

explain an existing tree decomposition algorithm we use. 

In Section 4, we show our problem definition. In Section 5 

we show our algorithm for searching community from 

given vertices over tree decomposition. In Section 6 we 

present overlapped community detection on decomposed 

tree, and Section 7 concludes the paper and discusses the 

future work. 

 

2. Related Work 

2.1. General Community Detection 

Many different algorithms, coming from different fields 

such as physics, statistics, data mining, have been 

proposed to detect communities in complex networks [11, 

12, 13, 14, 15, 9]. One of the most famous algorithms is by 

Newman and Girvan [9], which divides a graph in 

separated clusters of vertices, which includes the removal 

of the edges depending on their betweenness values. By 

iteratively cutting the edge with the greatest betweenness 

value, it uses the Network Modularity Q to obtain an 

optimized division of the network with O(m3) time 

complexity[16]. The concept of modularity Q: 

Q =∑ −
r
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where err are the fraction of links that connect two 

vertices inside the community r, a r the fraction of links 

that have one or both vertices inside of the community r, 

and the sum extends to all communities r in a given 

network. 

A community in a graph is a group of vertices having a 

higher density of edges within them, and a lower density 

of edges between groups. Because there is no universal 

agreement on the concept of density, so this definition of 

community is not clear. But a more formal definition has 

been introduced in [21, 22]. The rate between internal 

edges of subgraph and edges leaving the subgraph is used 

to evaluate the density of subgraph.  

2.2. Query-dependent Community Detection 

Query-dependent community detection problem is 

different with general community detection, except graph 

given query vertices as seed, so the feature of community 

is greatly affected by the query vertices. This problem has 

been studied by other researchers in data mining. For 

instance, Faloutsos et al. [26], Tong et al. [27], as well as 

other researchers have studied the problem of finding a 

subgraph that connects a set of query vertices in a graph. 

The main difference of our approach is that our approach 

achieves a linear time by using the features of decomposed 

tree.  

Mauro Sozio and Aristides Gionis proposed a measure 

of density based on minimum degree and suggested 

pruning vertices based on their distance to the query 

vertices [23]. 

 

3. Tree Decomposition 

3.1. Definition and properties 

An undirected graph G = (V, E) consists of the vertex 

set V = {0, 1, … , n-1} and the edge set E⊆V×V. Let 

n=|V| be the number of vertices and m=|E| be the number 

of edges. In this paper, we consider only undirected graphs, 

where ∀ u, v ∈ V: (u, v) ∈ E ⇔  (v, u) ∈ E holds. 

Moreover, we assume that the edges are not labeled. 

Definition 1 (Tree Decomposition). A tree 

decomposition of G = (V,E), denoted as TG, is a pair ({X i | 

i ∈  I}, T), where { X i | i ∈  I} is a collection of subsets 

of V and T = (I,F) is a tree with node set I and edge set F, 

such that: 

 1.  VX
Ii i =∈U . 

 2. For every (u, v) ∈  E, there is i ∈  I, s.t. u, 

v ∈  Xi. 

 3. For all v ∈  V , the set {i | v ∈  X i } 

induces a subtree of T. 

A tree decomposition consists of a set of tree nodes, 

where each node contains a set of vertices in V. It is 

required that every vertex in V should occur in at least one 

tree node (condition 1), and for every edge in E, both 

vertices of the edge should occur together in at least one 

tree node (condition 2). The third condition is usually 

referred to as the connectedness condition, which requires 

that given a vertex v in the graph, all the tree nodes which 

contain v should be connected. 

Given a tree decomposition TG , we denote its root as R. 

Given any graph G, there may exist many tree 

decompositions which fulfill all the conditions in 

Definition 1. However, we are interested in those tree 

decompositions with smaller node sizes. We call the 

cardinality of a node the width of the node. 

Definition 2 (width, treewidth). Let G = (V, E) be a 

graph. 

� The width of a tree decomposition ({X i | i ∈  I}, 

T) is defined as max{| X i | | i ∈  I }. 



 

 

� The treewidth of G is the minimal width of all tree 

decompositions of G. It is denoted as tw(G) or 

simply tw. 

 

Figure 1 shows a graph G (18 vertices) and a possible 

tree decomposition of G. The width of the shown tree 

decomposition is 6. 

 
       (a)                      (b) 

Figure 1: A graph G (a) and a tree decomposition of G (b) 

 

Induced subtree. Let G = (V, E) be a graph and TG =  

({X i | i ∈  I}, T) be a tree decomposition of G. Due to the 

third condition in Definition 1, for any vertex v in V there 

exist an induced subtree of TG in which every node 

contains v. We denote the induced subtree as Tv. Further, 

we denote the root of Tv as rv and its corresponding tree 

node as X rv . For example, XB, XC, XD, XE and XG 

constitute the nodes of the induced subtree of vertex 6 in 

Figure 1(b), because vertex 6 occurs precisely in these 

five nodes. Since XB is the root of the induced subtree, we 

have r6 = B. 

Using the tree decomposition concept, and using the 

property of decomposed trees, the efficiency of the 

proposed approach for the shortest path problem was 

shown. Inspired by the above paper, we use the tree 

decomposition concept to design an efficient algorithm for 

community detection. 

Our approach on the community detection problem 

contains two steps: 

Step 1: Decompose the given graph G, and create a tree 

as an index IT. 

Step2: Given a set of query vertices in the graph G, we 

find a subgraph of G that contains the query vertices and 

satisfies specified community criteria. 

Since the same tree decomposition can be reused for 

different query vertices, Step 1 can be preprocessed. Thus 

only Step 2 needs to be evaluated when answering a query. 

3.2. Algorithm for tree decomposition 

We used the tree decomposition algorithm proposed by 

Fang Wei[5]. The detail of the algorithm is omitted.  

  Virtual Edge. Let v1, v2∈V, and (v1, v2) ∉ E, but in the 

process of computation, we add (v1, v2) to E for the need 

of decomposition process, then we call edge (v1, v2) as 

virtual edge.  

Real Edge. The opposite of the virtual edge is called a 

real edge. 

Virtual Node (Virtual Vertex). Let v∈V, and ∀  {(v, 

v’) | v’ ∈V }  is Virtual Edge, then we call v as virtual 

node ( or virtual vertex).  

Real Node (Real Vertex). The opposite of the virtual 

node is called a real node. 

 

4. Problem Definition  

There are many definitions of community proposed in 

various fields. The community we search needs to fulfill 

two conditions.  First, the community must contains the 

given query vertices. Secondly, vertices in a community 

have high density links between them. There are a number 

of ways to define community density. In this paper we 

introduce edgeratio and conductance to evaluate density of 

communities. 

Let C be a subgraph of graph G. Let SC be the subgraph 

of G obtained by removing C from G.  The number of 

edges in C is denoted as  

innerEdge = the number of edges in C 

The number of edges between C and SC is denoted as 

outerEdge = the number edges such that one end is in 

C and the other end is in SC 

The edgeratio d  between innerEdge and outerEdge is 

denoted as 

outerEdge

 innerEdge
=d  

Thesubgraph C is a community if d>1, and the larger d  

means a stronger sense of C. 

 In addition, we introduce another fitness function 

conductance [24] which is also used to evaluate tquality of  

communities. The degree of node u in graph G is denoted 

as d(u), and the total degree of vertices in community C is 

denoted as  

∑ ∈
=

Cu
udcVol )()(  

The total degree of vertices in graph G except 

community C is denoted as 
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The conductance is the ratio between outerEdge and the 

minimal of Vol(c) and Vol(SC), denoted as 

 

 

 

 

If a community has lower conductance, it has less 

outside contact with SC. 

Furthermore, in this paper we introduce a simple 

condition that can be tested over a tree decomposition. 

Before introducing our condition, we will introduce two 

related definitions first. 

Definition 3 (node width, community width). Let X i  be 

a tree node, and C be a community. 

� Node width: The number of vertices in node X i , 

denoted as | X i |. 

� Community width: The community width cw(X i) of 

a community C is the number of the vertices that  

appear both in C and X i. 

Apparently cw(X i) <= | X i | holds. Then by the above 

definitions, we introduce two parameters: (1) minimum 

community width m and (2) minimum linkage k.  

Suppose that we have an original community Co  and a 

candidate new vertex v. If v and Co  are connected by more 

than k edges, v is added to community Co.  Or if the 

degree of v is less than k in the graph G and all the 

neighbors of v are in Co , v is added to community Co. 

Suppose that we have an original subtree To  which 

contains original community Co  , and a candidate new tree 

node t. If community width cw(t) on community Co  is no 

less than minimum community width m, t is added to 

subtree To . The new To  becomes the new boundary of 

expanding the community. Additionally, other candidate 

conditions can be used to add new tree nodes to To . For 

example, cw(t) is more than r% of the maximum 

community width in To .  

 

Problem 1 (Query-dependent Community Detection 

Problem): Given an undirected (connected) graph G = (V, 

E), a set of query vertices Q⊆V, we seek to search an 

induced subgraph O = (VO, EO) of G, such that 

1. VO contains Q (Q⊆VO); 

2. O is dense. 

 

5. Searching Community from Given Vertices 

In this section, we introduce our algorithm for Problem 

1 utilizing a decomposed tree. In a decomposed tree, a 

vertex list and edge list between the vertices are stored at 

each tree node. We traverse one vertex-induced subtree to 

obtain all information about the vertex and its neighbors. 

If we further traverse neighbors of the induced subtree, we 

can obtain more information around the original vertex. So 

under certain conditions, we can obtain a community (also 

called subgraph) containing the given vertex without 

traversing the entire tree decomposition. Given a graph G 

and query vertices Q, vertices in V or Q.   

5.1. Algorithm for query-dependent community 

detection 

Firstly, we discuss our approach to detect a community 

from a single query vertex (That is Q = {v}). When a 

single query vertex v is given, use the index IT to obtain 

the location of Tv’s root rv on the decomposed tree TG , 

and traverse the TG starting from rv . If vertices satisfying 

the community criteria are found, add them to the 

community.  The algorithm consists of three steps (see 

Algorithm 2). 

                                                          

Algorithm 2: community detection for query vertex set (TG , 

IT, Q, m, k, r%) 

Input: decomposed tree TG, index IT, query vertex set Q, 

parameter m, k, r% 

Output: community C. 

1: initial_community(TG, IT, Q);  

// output the initial community Co 

2: add_node(TG, Co , m);  

// output the new traversal subset TC  

3: traversal(TC, Co, k, r%);  

// traverse TC and add candidate vertex to Co , repeat 2-3, 

until no node add to TC, output the community C         

 

  The first step of community detection is to obtain a 

set of vertices which are directly connected to query 

vertex v.  Subtree that Tv is induced by vertex v.  Then 

we traverse  Tv and obtain  the initial community Co  = 

{v’ | v’∈  X i , X i ∈Tv , (v,v’)∈E}.  

  The second step is to expand Tv .  In Step 1, we 

traverse  Tv and obtaine the initial community Co. Now 

we let Tc = Tv, check the nodes {X i} around Tc, compute 

cw(X i) on community Co . While cw(X i) is no less than m, 

add X i to Tc. Repeatedly check {X i} around Tc until the 

community width becomes less than m.  Return the 

resulting Tc as output. 

  The last step of community detection is to traverse Tc.  

We visit each node X i in Tc . We check each vertex {v’} 

))(),(min(

outerEdge
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contained in X i and find v’ that is not in Co. If (1) v’ and C 

are connected by more than k edges, and (2) more than r% 

neighbors of v’ in community Co , then add v’ to C. The 

traversal ends when all nodes of Tc are visited. 

  We repeat Step 2 and Step 3, until no more new nodes 

are added to Tc. When Algorithm 2 terminates, we obtain 

the latest C as the resultant community. 

5.2. Time Complexity 

In addition, we discuss the time complexity of 

Algorithm 2. In our approach, it contains two steps. First 

is tree decomposition, both of the reduction step and the 

tree construction procedure take time O(n). Second is 

community search, both of algorithm 2 and 3 traverse a 

subtree of decomposed tree T, the worst case is traversing 

the whole T. So the time complexity is linear to the size of 

tree decomposition |T|, O(|T|) = O(w*n), w is tree width. 

5.3. Experiments 

In this section we evaluate our approach for community 

detection from query vertex on real social graphs. All tests 

are executed on an Intel(R) Core 2 Duo 3.0 GHz CPU, and 

4 GB of main memory. All algorithm are implemented in 

JAVA with JUNG (Java Universal Network Graph) 

Framework 2.0 . 

original 
largest 

connected subset Graph 

Vertices Edges Vertices Edges 

PPI 1458 1948 1458 1948 

Pfei 1738 1876 1738 1876 

Yeast 2284 6646 2224 6609 

Dutch 3621 4310 3621 4310 

Geom 3621 9461 3621 9461 

Epa 4253 8897 4253 8897 

Eva 4475 4652 4475 4652 

DBLP 592983 591981 353778 427093 

ACFD 115 613 115 613 

Cal 5925 15770 5925 15770 

Erdos 6927 11850 6927 11850 

Homo 7020 19811 7020 19811 

Arxiv 27400 352021 27400 352021 

* ACFD = American College Football dataset 

Table 1: Real graphs and its maximal connected subset 

  First, we process test data sets, because our algorithm is 

designed for connected graphs, while not all of the data 

sets are connected. We choose the largest subgraphs of 

real data sets. Of course, communities are not stretching 

beyond disconnected subgraphs. We test a variety of real 

graph data including biological networks (PPI, Yea and 

Homo), social networks (Pfei, Geom, Erdos, Dutch, and 

Eva), information networks (Cal and Epa), DBLP, Arxiv 

and American College Football dataset. Except American 

College Football dataset[4] all the graph data are provided 

by the authors of [5] and download from [30]. The process 

results are shown in Table 1. 

From Table 1 we can see that the most of the real data 

set are connected, except Yeast and DBLP. 

  Then we use the tree decomposition algorithm [5], and 

obtain a tree decomposition. After that, we evaluate our 

community detection algorithm on the decomposed tree. 

After the tree decomposition is done, we can find 

communities from different query nodes while reusing the 

same tree decomposition. We also evaluate the results by 

varying linkage parameter k and minimum community 

width parameter m. In a tree node, the linkage between 

candidate vertex and community C is always less than the 

community width on C. So we can assume that m≧k. 

  However, we have a problem on how to decide the 

parameter m, k and r%. Let X i be a tree node and C’ be a 

community, the community width on C’ is cw(X i) = x, and 

v be a candidate vertex. Now, if v is connected C’ with x 

edges, we can consider v is close to C’, and we add v to C’. 

On the other hand, if 50% neighbors of v are already in C’, 

we can also consider v is close to C’, and we add v to C’. 

Suppose that a graph G = (V, E) is given, where the 

number of vertices in V is p, and the number of edges in E 

is q. Then, 2*q/p is the average degree of the vertices. So 

let [q/p] be the threshold. When m = k = [q/p] and r% = 

50%, the community we find can be good. In order to 

verify our speculation, we experiment on real data sets 

with various parameter settings. The results are shown in 

Figure 2 and Figure 3. 

 

 

 

 

 

 

 

 

Figure 2: Edgeratio and parameter relationships for real data 

 

 

 

 

 

 

 

 

Figure 3: Conductance and parameter relationships for real data 
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Figure 2 shows the results which are evaluated by 

edgeratio applied on PPI and Yeast datasets. Horizontal 

axis is parameters m and k, left vertical axis is average 

edgeratio, and right vertical axis is percentage of 

edgeratio > 1.0. Toward each parameter, we try all vertices 

as a query vertex, then calculate average and percentage of 

edgeratio. From the figure, we can see when m=k=1, the 

result of PPI is relatively good, and when m=k=3, the 

result of Yeast is relatively good. 

Figure 4 shows the same results which are evaluated by 

conductance. Horizontal axis is parameters m and k, left 

vertical axis is average of conductance, and right vertical 

axis is percentage of conductance > 1.0 . From Figure 4 we 

can see the same situation as figure 3. When m=k=1, the 

result of PPI is relatively good, and when m=k=3, the 

result of Yeast is relatively good. 

So in this paper, we set the parameters m and k as [q/p], 

and set r% as 50%. Here we first implement our 

query-dependent community detection algorithm with 

single query vertex. 

We randomly select 100 vertices as query vertices on 

PPI. Then we apply our algorithm on each vertex. At the 

same time, we compare our results with the results of 

Cluset-Newman-Moore [4] which was downloaded from 

[6]. We show results in Figure 4. 
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Figure 4: Results evaluated by edgeRatio on PPI 

  In Figure 4, the pink line is CNM’s result, and the blue 

line is the result of TD (Tree Decomposition) approach. 

The vertical axis is edgeRatio, which is the higher the 

better. Then we can see that our approach is worse than 

CNM algorithm. 

5.4. Analysis 

 The subgraphs which are searched by our TD approach 

on PPI 29% of them their edgeRatio is greater than 1.0. 

However, our results are worse than CNM algorithm.  

  We try to investigate the reason, and find two reasons: 

(1) Community boundary lies within tree nodes and (2) We 

did not analyze the internal structure of tree nodes. 

  We can see an example of a subgraph of PPI in Figure 5. 

 

Figure 5: CNM algorithm on a subgraph of PPI 

  In Figure 5, different colors denote different 

communities. The vertex pair of index (1064, 1067) which 

is circled with red line is assigned different communities. 

Then the vertex pair in tree decomposition is shown in 

Figure 6. Tree node B contains this vertex pair. 

 

Figure 6: Tree Decomposition the subgraph of PPI 

Before analyzing the inner structure of tree nodes, we 

introduce the definition of linkScore: 

In the following discussions, G=(V, E) is a graph, 

TG={ X i | i ∈  I} is a tree decomposition of G,  R is the 

root of TG.   

headEdge. An edge (u, v) is a headEdge of tree node X i, if 

u, v ∈  X i and X i is the tree node closest to the root R. 

Note that from the definition of tree decomposition, it is 

apparent that the tree nodes that contain u and v form a 

connected subtree, and whether (u, v) is a headEdge in X i  

is uniquely determined. 

Below, v is a vertex and X is a tree node of TG.  

linkScore. linkScore(v) is the number of edges (v, u) ∈  

E such that (v, u) is a headEdge of a certain tree node X.  

Head-linkScore. Head-linkScore(X, v) is the number of 

edges (v, u) ∈  E such that (v, u) is a headEdge of a tree 

node X’ which is a proper ancestor of X.   

Inner-linkScore. Inner-linkScore(X, v) is the number of 

edges (v, u) ∈  E such that (v, u) is a headEdge of X. 



 

 

Below-linkScore. Below-linkScore(X, v) is the number of 

edges (v, u) ∈  E such that (v, u) is a headEdge of a tree 

node X’’ which is a proper descendant of X.   

 Apparently, linkScore(v) = Head-linkScore(X,v) + 

Inner-linkScore(X, v) + Below-linkScore(X, v) holds. As 

an example, we show in Table 2 the linkScores of the 

vertices in tree node B of Figure 6.  

 

Link Score 
vertex 

Head- Inner- Below- 

1064 0 1 2 

1067 2 1 0 

Table 2: LinkScore of vertices in tree node B 

 

  Head-linkScore means the number of links with the 

vertices in ancestor tree nodes, Inner-linkScore means the 

number of links with the vertices in the current tree node 

and Below-linkScore means the number of links with the 

descendant tree nodes. From Table 2, we can see that 

vertex 1064 has more links to descendant tree nodes, while 

vertex 1067 has more links to ancestor tree nodes. 

Therefore, we surmise that vertex 1064 belongs to a 

community stretching over descendants of tree node B, 

while vertex 1067’s community stretches over B’s 

ancestors. This observation leads us to a heuristics that 

linkScore can be used to determine on which direction a 

vertex’s community lies. 

  From calculated linkScore of vertex v, we can determine 

the orientation of v in a tree node X. we define 5 

orientations of v in X, as shown in Table 3. 

 

linkScore conditions Orientation value 

Head>Inner & Head>Below up 2 

Head=Inner & inner>Below up-inner 1 

Inner>=Head & Inner>=Below inner 0 

Below=Inner & Inner>Head down-inner -1 

Below>Inner & Below>Head down -2 

Table 3: Orientation of a vertex v in a tree node X. 

 

Orientation. Orientation of vertex v with respect to 

current node X, denoted by D(v), is the orientation value 

in {-2,-1,0,1,2}, where the value is determined by the 

conditions of Table 3 on the Head-, Inner-, and 

Below-linkScores of vertex v at tree node X.   

  If (u,v) ∈E, u, v ∈  X and |D(u) – D(v)| <= t (t is a 

threshold), then we determine that u and v are close, and 

assign u and v into the same community. Otherwise, we 

cut edge (u,v) and separate u and v. 

  Now, we improve our approach by pre-calculating 

linkScores. We choose t = 2 for the threshold when 

traversing decomposed tree. We apply  the linkScore 

approach to the subgraph of Figure 5.  The result is 

shown in Figure 7. 

 

 

 

 

 

 

 

 

 

Figure 7: LinkScore approach on a subgraph of PPI 

 

  In Figure 7, we can see that the result of linkScore 

approach coincides with that of the CNM algorithm. We 

also compare the linkScore approach on PPI with our old 

approach. The results are shown in Figure 8 and Figure 9. 

  In Figures 8 and 9, the green lines show the result of 

linkScore, and the blue lines denote our old approach. 

From Figures 8 and 9, we can see that the linkScore 

approach is much better result than our old approach. Also, 

the linkScore-based approach’s results are comparative to 

that of the the CNM algorithm. Figure 10 shows the 

statistics of the results of the three algorithms. 
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Figure 8: EdgeRatio of LinkScore approach on PPI 
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Figure 9: Conductance of LinkScore approach on PPI 
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edgeRatio conductance 
Al

gorith
m 

mea
n 

better 
than 
CNM 

mean 
of ratio 
to CNM 

mean 
better 
than 
CNM 

mean 
of ratio 
to CNM 

CNM 4.04 - 1 0.132 - 1 

TD 
Appr
oach 

1.13 0 0.281 0.282 0 2.3 

linkS
core 

5.58 61% 1.709 0.195 22% 1.723 

Figure 10: statistics results of three algorithms 

 

6. Conclusion and Future Work 

In this paper, we introduced community-search 

algorithm based on tree decomposition of the graph. We 

showed an algorithm for query vertex community 

detection which is fast by precomputing tree 

decomposition. Also, the quality of communities is 

comparative to the existing algorithm CNM. 

In future, a number of issues shall be resolved for this 

approach, for example, perfecting the link score algorithm, 

improving the multiple query node algorithm, and 

developing  overlapping community search using tree 

decomposition. 
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