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Abstract: To solve the problem in measuring the similarity of heterogeneous information networks, a similarity
measuring algorithm was proposed. It calculates the difference between the maximum common sub-graph and
minimum common hyper-graph, based on feature sub-graph of the current node. The algorithm takes graph theory as
its foundation, set different weight to different kinds of edges, considers nodes information as well as graph to
topological information, and makes full use of the information in heterogeneous network. The result shows that the
proposed algorithm has wonderful effectiveness and efficiency.
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B 2l 1T G B A T (A HD ) T3 435 219 894 124.6 1.8 245 54 444.7
o)y AT ] A 3 R T R T3 535 51238 828.2 2.9 5 841 490.8
% 5l 0L [ o el 3 3 3 K il 97 683.3 0.7 10 948.6
o 5 LT s Il 3 O 3 K gl 69 4452 -45 7 663.7
R B A5 M 55 it Ti % 57 255 955.3 -17.9 6 640 191.1
% 2 LI B AU Ll 139 936.6 572 18 593.0

T+ (1) MCASE AR 1] e AR TR 5 (2) 181 1 i v 15080 15 o SRR )y v 5 308 0 P 2 35 AR 9 TP P T3 35 I 5 (3) 380 35 25 TS B 24 A 50l i I
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