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For l:=1to M do
Resample D to obtain the perturbed data set D';
Run K-means over D' to obtain P(D");
Re-labeling P(D'") to P(D);
Compute score[l] = sim(C;,P(D));

End

0;(Ci,D) := average of score[l];
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S:={} //Subset of Selected Clusters
T //Sorted Total Primary Clusters
Initialization
T := Sort total clusters according to AMM;
S := {the most stable cluster};
For i :=2to length (T)
current := i-th cluster of T;
similar := Find the most similar cluster in S with the current
If distance(current,similar)>th
Add currentinto S;

End If;
End For;
Return S;

(-)
O

S:={} //Subset of Selected Clusters
T //Sorted Total Primary Clusters
Initialization

T := Sort total clusters according to AMM;
S := {the most stable cluster};
For i :=2to length (T)
current := i-th cluster of T;
For j := 1 to length(S)
temp := j-th cluster of S
If similarity(current,temp)>th;
Add temp into similar;
End If;
End For;
If mean_distance(current,similar)>th,
Add current into S;
End If;
End For;
Return S;




¢ Ledudoy o

) K-means

%

nxd

Iris (k=3



¢ Ledudoy o

S:={} //Subset of Selected Clusters
G := Apply a clustering technique over all primary clusters
For i :=1 to length(G)
current := i-th group of G;
If size(current)>1
Add the most stable cluster of in the current into S;
End If;
End For;
Return S;
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Class Features | Samples
Glass 6 9 214
Breast-Cancer 2 9 683
Wine 3 13 178
Bupa 2 6 345
Yeast 10 8 1484
Iris 3 4 150
SAHeart 2 9 462
lonosphere 2 34 351
Halfrings 2 2 400
Galaxy 7 4 323
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Breast Iris N. N. lonos N. Halfri N. N. Wine N.
Bupa | SAHearl phere | Glass ngs | Galaxy | Yeast Wine
Cancer
ItoU | 95.02 | 88.67 | 54.78 | 63.42 | 70.09 | 44.86 | 7450 | 29.41 | 4286 | 70.22 | 96.63
Nl EEAC | 95.73 | 76.13 | 54.33 | 63.36 | 70.60 | 47.76 | 74.48 | 31.27 | 4293 | 69.38 | 85.17
ItoU | 96.93 | 90.00 | 54.78 | 64.50 | 71.51 | 44.86 | 87.25 | 29.41 | 4845 | 7135 | 97.75
MAX EEAC | 96.49 | 84.87 | 57.42 | 63.87 | 57.75 | 4435 | 7455 | 29.85 | 51.27 | 70.00 | 94.44
ItoU | 95.43 | 88.00 | 54.73 | 63.42 | 7151 | 4439 | 7450 | 29.69 | 4852 | 70.73 | 96.63
AMM EEAC | 95.46 | 90.00 | 55.07 | 63.85 | 70.66 | 45.79 | 54.00 | 30.65 | 53.10 | 70.23 | 96.63
ItoU | 96.78 | 90.00 | 55.07 | 64.50 | 71.51 | 45.79 | 88.25 | 30.03 | 50.47 | 70.23 | 98.32
ENMI EEAC | 96.93 | 88.67 | 54.78 | 63.20 | 71.23 | 4393 | 88.00 | 30.65 | 50.47 | 70.23 | 97.19
1 97.66 | 97.33 | 55.36 | 68.83 | 7293 | 50.47 | 87.25 | 35.29 | 56.67 | 7247 | 98.31
D&Q 2 97.07 | 91.33 | 55.36 | 68.02 | 74.36 | 53.74 | 76.50 | 33.44 | 5433 | 71.35 | 98.31
3 97.05 | 90.00 | 55.00 | 63.83 | 70.91 | 47.20 | 83.25 | 31.36 | 50.18 | 71.42 | 97.75
Adaptive 9543 | 88.00 | 54.73 | 63.42 | 7151 | 4439 | 7450 | 29.69 | 4852 | 70.73 | 96.63
EAC (Full Ens.) | 95.17 | 89.33 | 54.49 | 63.20 | 70.66 | 46.26 | 7450 | 30.96 | 44.21 | 70.22 | 96.63
Azimi 96.91 | 89.33 | 54.75 | 56.06 | 70.74 | 45.05 | 67.70 | 29.97 | 4340 | 60.95 | 96.63
( ) k
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0.56 94.70 97.67 96.47

0.61 61.53 81.27 58.67

0.59 88.83 95.27 92.67

0.60 69.13 73.00 85.27

0.56 88.53 98.00 98.33

0.68 81.60 87.33 87.33

0.53 77.90 68.57 76.00

O|IN([O(O A WIN|F-

0.58 90.40 83.03 95.57

9 0.63 72.67 42.33 50.23

10 0.62 60.30 54.67 68.33

11 0.59 81.33 84.20 63.00

12 0.58 76.07 73.73 84.70

13 0.59 77.43 74.43 72.00

14 0.58 84.67 84.67 84.00

15 0.53 89.33 88.90 85.30

Average 0.59 79.63 79.14 79.86




LT

el g a2 Lo

(-)
1 0.48 54.13 49.60 49.73
2 0.56 59.80 55.47 65.73
3 0.51 87.73 86.47 79.40
4 0.51 55.07 68.60 64.27
5 0.55 74.73 90.00 90.73
6 0.53 79.67 67.73 79.73
7 0.55 57.13 91.93 81.27
8 0.54 72.07 89.20 89.33
9 0.57 100.00 93.87 100.00
10 0.54 66.33 75.20 92.67
11 0.40 41.13 63.73 63.93
12 0.44 12.47 63.20 68.80
13 0.57 92.00 92.00 92.00
14 0.53 59.53 64.00 64.33
15 0.53 66.67 63.33 80.67
Average 0.52 69.23 74.29 77.51




(-)
1 0.36 50.93 60.47 55.40
2 0.51 54.73 62.80 56.40
3 0.50 70.87 77.67 74.13
4 0.49 56.07 64.07 66.07
5 0.49 46.67 77.07 77.27
6 0.44 72.47 63.20 68.80
7 0.40 41.13 63.73 63.93
8 0.47 57.53 54.33 47.93
9 0.48 54.13 49.60 49.73
10 0.55 58.53 72.00 72.00
11 0.48 68.93 63.73 82.80
12 0.51 46.33 75.87 68.00
13 0.52 68.60 83.07 88.00
14 0.52 84.73 89.47 89.67
15 0.36 50.93 60.47 55.40
Average 0.48 59.40 68.36 68.58
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Abstract:

Data clustering is an important step in data mining which excavates hidden patterns
in unsupervised data. On account of complexity of the problem and weakness of the
base clustering algorithms, most of researches are focused on ensemble methods.
Diversity in primary results and also quality of the primary results are two vital
factors which affect the final results. Although both of these two factors are
considered and investigated in the late researches on clustering ensembles; there are
some of questions which are still vague. Using a subset of primary results can be
better that total primary results or not? Which subset of the primary results can cause
to improve the performance of clustering ensemble? How to evaluate the primary
results? This thesis tries to give a reasonable answer to these questions. Here, a
framework for improving the efficiency of the clustering ensemble is proposed which
is based on using a subset of primary clusters. Furthermore, some new methods for
each step of this framework are suggested. For evaluating each individual cluster
some new methods are proposed which are inspired from mutual information.
Moreover, two new techniques are presented to construct the co-association matrix
from only a subset of primary clusters. Experimental results over several standard
data sets show that the presented schemes can significantly enhance the efficiency of
the primary and even the full ensemble results. The average enhancement over 11
examined cases is 2.3% in comparison with the full ensemble. In addition, several
artificial data sets are produced and examined during empirical studies.

Keywords:

Clustering Ensemble, Cluster Evaluation, Mutual Information, Subset of Primary
Results, Evidence Accumulation Clustering, Co-association Matrix.
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