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Fig. 1 Multi-level distributed network structure
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Fig. 2 Sketch map of multilevel distributed network data mining
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Table 1 Comparison results of mining accuracy of
the three methods
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Table 2 Comparison of mining results before and

after improvement
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Fig. 5 Data distribution when the data distribution is sparse
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Fig. 6 Resulis of data mining in this paper
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Fig. 7 Data mining results of neural network method
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An Improved Method of Multi Level Distributed Network Data Mining

YANG Yuan, MA Xu, CHEN Chen
(Math and Computer Science College, Ningxia Normal University, Guyuan 756000, China)

[ Abstract] Aiming at the problem of high cost of traditional data mining methods, a new method to improve the
multi-level distributed network data mining was proposed. The random disturbance data mining method commonly
used, through the probability distorted technology to disrupt the original data processing multi-level distributed net-
work set, to reconstruct the actual item set support, the probability of conversion and acquisition of data mining re-
sults. Random perturbation method has the disadvantages of low time efficiency, the time complexity is low, the
random perturbation method improved by XMASK method ; the time complexity is high, the corresponding improve-
ment process. The experimental results show that the proposed method has high accuracy, short mining time and
good effect.

[ Key words] multi level distributed network data mining improvement



