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accurate mining results can be obtained in the mining related information process, the method of clustering based on

structure entropy was proposed to realize divide the correlation degree of nodes in the graph. A solution algorithm

for calculating two-dimensional structural information and a module division algorithm based on the principle of

entropy reduction were proposed to divide the nodes in the graph structure to obtain corresponding modules. The

K-dimensional structural information algorithm was used to further divide the divided modules to realize the

clustering of nodes in the graph structure. An example analysis shows that the proposed graph clustering method can

not only reflect the true structure of the graph structure, but also effectively mine the degree of association

between nodes in the graph structure. At the same time, the other three clustering schemes are compared, and the

experiment shows that this scheme has higher efficiency in execution time and guarantees the reliability of the

clustering results.
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Figure 1  Graph structure node clustering model
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Table 1

Clustering result of different network graphs

ik n Bm YRS RS BRI A 4R K YEgi i f SRR R
10 21 X1:(3,4,8) X1:(8,(3,4))
X1:(0,5,6,9) X2:((0,5),(6,9))
X3:(1,2,7) X3:(7,(1,2))
20 80 X,:(0,1,8,11) X,:((0,11),(1,8))
X1:(4,5,6,15) X2:((4,5),(6,15))
X3:(2,10,14,16,19) X3:((10,19),(2,(14,16)))
X4:(3,7,13,17,18) X4:((3,(13,17)),(7,18))
X5:(9,12) X5:(9,12)
30 274 X1:(2,4,6,8,9,10,20,23,24,25) X1:(((6,24),(9,23)),((2,8),(10,25)),(4,20))
X1:(0,3,5,11,12,14,19,21,26,27,28,29) X:(((10,11),(5,21)),((29,(12,26)),(3,28)),
X3:(1,7,13,15,16,17,18,22) (14,(19,27)))
X3:(((1,(16,18)),(15,22)),(13,(7,17)))
40 442 X,:(0,1,2,3,5,11,14,16,18,20, X1:(((34,(3,20)),(36,(11,37))),((18,(1,2)),

21,22,29,34,36,37,39)
X1:(4,6,7,9,10,12,13,17,23,
24,25,27,32,33,35,38)
X3:(8,15,19,26,28,30,31)

(39,(16,29))).((5,22),(14,(0,21))))
X2:(((6,(13,32)),(33,35)),((17,(10,25)),
(4,23)),((24,27),(7,12),(9,38)))
X3:((15,(19,32)),((8,28),(26,30)))
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W 4% SE R B RL (SCAN, structural clustering
algorithm for networks) 7EAbFE A b2 K1, H:
IS 1) 52 20 M G T il B Btk 1), AT R4 1R mT i
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7 PR B R P A DX B 5 9 4 o (1 B 4k 8 B
B o SR, TR I WY 24T SR 7 EEAH 214 22 1R I [)
Stovall 2Pt T —FIE TG — R 400
(CUDA, computer unified device architecture) [f]
SCAN JH4752H (GPUSCAN, graphic processing
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Figure 6 The execution time of graph division and graph
clustering of different network nodes
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Figure 8 Comparison of entropy values of different network diagrams
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