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A novel voting method and parallel implementation for soft clustering

ZHANG ]Jingjing, YANG Yan”* , WANG Hongjun, HAN Xiaotao, DENG Qiang
(School of Information Science and Technology . Southwest Jiaotong University, Chengdu 611756)

Abstract: As an important tool of Data Mining, clustering ensemble has been widely recognized and
studied. This paper proposes a novel voting method for Soft Clustering(VMSC). The ensemble process
consists of two steps: calculating the average degree of membership matrix as the input of the second step,
and iterative optimization. This method deals well with eliminating the influences of noise and has good
stability. The cloud computing platform of Spark handles big data efficiently. The VMSC algorithm was
parallelizod to make it suitable for big data on Spark Cloud Computing platform. In the VMSC
experiments, 12 UCI datasets were used to test it, and its results were compared with 4 other soft
clustering ensemble algorithms: sCSPA, sMCLA, sHGBF and SVCE. The experiments indicate that the
VMSC algorithm has a better integration effect. And the parallel experiments show that its parallel
implementation manages big data efficiently.
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Fig. 1 The Sigmod function curves with different ¢ values
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Fig. 2 The flow chart of the parallel VMSC
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Tab.1 The detailed information on Datasets

FUEITE S B A% JE 2
blood 748 4 2
landsat 2 000 36 6
diabetes 768 8 2
Phishing 2 456 30 2
satimage 6 435 36 6
synthetic 600 60 6
Dermatology 366 34 6
pima 768 8 2
msplice 3175 240 3
vehicle 846 18 4
german 1 000 24 2
parkinsons 195 22 2
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Tab. 2 The average RI values of the 5 algorithms

i sCSPA sHBGF sMCLA SVCE VMSC

blood 0.502 6 0.5056 0.5170 0.5621 0.5633
landsat 0.829 8 0.8428 0.8141 0.8415 0.844 2
diabetes 0.553 8 0.5193 0.549 9 0.5614 0.5659
Phishing 0.767 2 0.767 8 0.7757 0.7831 0.784 2
satimage 0.812 1 0.807 6 0.817 9 0.856 7 0.857 4
synthetic 0.536 0 0.612 1 0.566 3 0.557 5 0.552 8

Dermatology. 816 0 0.829 0 0.808 0 0.851 0 0.855 4

pima 0.548 8 0.550 9 0.5519 0.552 2 0.5542

msplice 0.589 6 0.557 2 0.4258 0.3849 0.4651

vehicle 0.649 6 0.6500 0.647 9 0.6365 0.6535

0
german 0.503 0 0.503 2 0.5424 0.5457 0.548 5
0

parkinsons0. 515 2 0.514 4 0.551 0 0.559 2
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Tab.3 The average Accuracy values of the 5 algorithms

B sCSPA sHBGF sMCLA SVCE VMSC

blood 0.536 1 0.554 7 0.4336 0.677 0 0.678 6
landsat 0.630 1 0.6599 0.5362 0.6126 0.64138

diabetes 0.664 8 0.599 7 0.6589 0.6760 0.682 3

0
Phishing 0.862 6 0.854 3 0.8713 0.8738 0.874 7
satimage 0.536 7 0.576 5 0.598 0 0.697 6 0.694 0
synthetic 0,634 4 0.736 8 0.682 2 0.669 6 0.662 7

Dermatologg. 603 0 0.552 5 0.5129 0.687 1 0.624 8
pima  0.657 2 0.6594 0.6615 0.6624 0.6654
msplice 0.516 0 0.429 4 0.3155 0.519 1 0.420 7
vehicle 0.3773 0.3813 0.3697 0.338 4 0.3760
german 0.5415 0.538 9 0.397 8 0.651 4 0.656 2
parkinsons0. 593 8 0.5918 0.646 2 0.672 3 0.682 6
3.2 HITHZE
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Tab.4 The detailed information on Datasets

that used in parallel experiments

UGS bV Ighe 4 i IS
covtype 581 012 54 7
SUSY 5 000 000 18 2
HIGGS 11 000 000 28 2
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SRTETT SORASHORT BU T $ICHE S A W 380 0 138 77
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Fig. 3 The average values of RI and Accuracy index of the 5 algorithms
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Fig. 4 The VMSC’s SpeedUp, SizeUp and ScaleUp values of the 3 Datasets
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