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Probability model-based algorithm for non-uniform data clustering
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Abstract: Aiming at the “uniform effect” of the traditional K-means algorithm, a new probability model-based algorithm
was proposed for non-uniform data clustering. Firstly, a Gaussian mixture distribution model was proposed to describe the
clusters hidden within non-uniform data, allowing the datasets to contain clugfersywith different densities and sizes at the same
time. Secondly, the objective optimization function for non-uniform datéJelustering was deduced based on the model, and an
EM ( Expectation Maximization) -type clustering algorithm defined toyoptimize the objective function. Theoretical analysis shows
that the new algorithm is able to perform soft subspace clustéring on non-uniform data. Finally, experimental results on

synthetic datasets and real datasets demostrate that thié\a€euraCy of the proposed algorithm is increased by 5% to 50%

compared with the existing K-means-type algorithmssand under-sampling algorithms.
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Tab. 1 An example of “uniform effect”
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Tab. 2 Clustering results of different algorithms on synthetic datasets

GMM Verify2 IFCM

0.5595 =0. 000
0.5333 +0.000
0.5143 +0.000

0.4238 £0.001
0.4129 0. 004
0.4470 £0.010

0.5595 +0. 000
0.5333 +0.000
0.5272 +0.000
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P FEFRN i3 Ji g
DS1 500:50 10 0.21:0.14
DS2 2000:100 50 0.90:0.64
DS3 5000200 100 1.64.1.34
B EbrAE P MCN
DS1 0.9665 +0.015
Macro-F1 DS2 0.9523 +0.023
DS3 0.9351 +0.034
DS1 0.9335 +0.059
NMI DS2 0.9150 +0.073
DS3 0.8954 +0.089

0.0000 =0. 000
0.0000 =0. 000
0.0000 =0. 000

0.0057 £0.001
0.0144 £0.003
0.0318 +0.005

0.0000 0. 000
0.0000 0. 000
0.0000 0. 000

R AR ASBER LR SWHIBIFE,

ANRE RS R BB EmME3 iR, K3
A SC MCN B )32 45 I AME T3 LL Bk GMM  Verify2 Fl
IFCM, Verify2 )izfTH}ELE R T GMM #1 MCN Bk, — 13
B R Verify2 R TR, ¥ R BN F AL E T
8, MRAREMBR R B, R ket B

®3 TEEEEESBME LETHE J

Tab. 3 Running time of different algorithms on synthetic datégets ¢

iR MCN GMM Verify2 IFCM
Ds1 0.0016 0.0041 1.0082 0.0165
DS2 0.0092 0.0131 1.2898 0.0811
DS3 0.0420 0.0633 5.5024 0.3501
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Tab. 4 Parameters of real-world datasets

i RN YL i
BCW 241 .458 9 0.13.0.83
Wine 59.71.48 13 0.20.0.38:0.26
ForestType 158.86:83:195 27 0.23:0.19:0.58:0.20
Ionosphere 225.126 34 1.55:3.56
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Tab. 5 Clustering results of different algorithms on real-world datasets

GMM

Verify2

IFCM

0.6520 +0.000
0.5129 =0. 002
0.3927 =0. 000
0.6548 +0.000

0.5139 +0.002
0.4076 £0.001
0.3094 £0.001
0.5186 +0.001

0.6346 +0. 000
0.9279 £0.001
0.5535 +0. 004
0.6399 +0. 000

BLR AR AE Bl MCN
BCW 0.9131 +0. 007
Wine 0.9103 +0.009
Macro-F1
ForestType 0.6951 £0.010
Tonosphere 0.7055 +0. 001
BCW 0.6515 +0.042
Wine 0.7725 +0.018
NMI
ForestType 0.4856 £0.011
Ionosphere 0.2163 +0.003

0.0071 =0. 000
0.0509 0. 007
0.0064 =0.001
0.0005 +0.000

0.0074 +£0.002
0.0126 +£0.000
0.0113 +£0. 000
0.0042 +0. 000

0.1628 +0.001
0.7762 =0. 002
0.3416 +0. 004
0.0452 +0.001
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Fig. 3 Distribution of feature weights of three clusters in dataset Wine
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