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MapReduce-Based Graph Structural Clustering Algorithm
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Abstract: Graph Clustering is a fundamental task for graph mining which has been widely used in social network analysis related
applications. Graph structural clustering (SCAN) is a well-known density-based graph clustering algorithm. SCAN algorithm can not only
find the clusters in a graph, but also be able to identify hub nodes and outliers. However, with the growing graph size, the traditional
SCAN algorithm is very hard to handle massive graph data, as its time complexity is O(m™®) (m is the number of edges in the graph). To
overcome the scalability issue of SCAN algorithm, this paper proposes a MapReduce based graph structural clustering algorithm, called
MRSCAN. Specifically, the paper develops a MapReduce based similarity computation, a core node computation, as well as two
clustering merging algorithms. In addition, it conducts extensive experiments over serval real-world graph datasets, and results
demonstrate the accuracy, effectiveness, and scalability of the presented algorithm.
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Fig.1 Overall process of distributed SCAN based on MapReduce
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Fig.2 The Original graph and one of the local clusters constituted by cores
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Fig.3 Node’s degree and the edge (4,7)’s triangle number
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Fig.4 Calculate edge similarity based on the degree and the number of triangles
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Fig.5 MapReduce process for calculating edge similarity
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Fig.10 Dimension extension in MapReduce
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3% 4. General Union.

BN CHEEY RS TS u R E AR IR AR M 5 2K Cy;

MR,

Map(u,Cy)
while veC, do
if v.isCoreisTrue then

Reduce(u,{C;....C.})
C«Merge(C;....C)
Emit{Umn,C)
MapReduce S5 FNE 11 s, A SC4 B 2B K% 0, S0k FE 75 42 2P 4> MapReduc™ (HE5 2 4
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Fig.11 The process of general union
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3% 5. Base Min_Core Union.

BN CHEEY RS TR u R E R IA AR R I 22 2 28 Cy, LA Neighbor[u];

MR
Map(u,Cy)
Vmin<—V|ve Cyav.isCoreisTrue
while veNeighbor[u] do

if v.isCoreisTrue then

Emit(v,vminypairs
Emit(Vpin,Cuypairs
Reduce(u,{C;....C.})
C«Merge(C;....C,)
. Emit(u,C)
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& 3£ 6. Merge SubCluster.
By N e PR S IR TR u B L e T IR AT (R W1 94 2R 8 Cy, 401 Neighbor[u];
I C.

1. Merge(C;....C,)
2 for i=0—n do
3 for cin C;
4, if C contains ¢ do
5 continue
6 else
7 C.add(c)
8. returnC
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Fig.12 Base min_coremerge subclusters
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Table 1 Experimental data set and its vertex number and edge number
F 1 SER YN AR M LT BRI L

DataSet Number of nodes Number of edges
Skitter 1696 415 11 095 298
Pokec 1 632 000 22301 000

LiveJournal 3997 962 34 681 189

Com-Orkut 3072 441 117 185 083
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Fig.13 Efficiency comparison varying number of reduce
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