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Cluster ensemble selection using voting
Alireza Latifi-Pakdehi & Negin Daneshpour”
Faculty of Computer Engineering, Shahid Rajaee Teacher Training University, Tehran, Iran

Abstract

Clustering is the process of division of a dataset into subsets that are called clusters, so that objects within a
cluster are similar to each other and different from objects of the other clusters. So far, a lot of algorithms in
different approaches have been created for the clustering. An effective choice (can combine) two or more of
these algorithms for solving the clustering problem. Ensemble clustering combines results of existing
clusterings to achieve better performance and higher accuracy. Instead of combining all of existing
clusterings, recent decade researchers show, if only a set of clusterings is selected based on quality and
diversity, the result of ensemble clustering would be more accurate. This paper proposes a new method for
ensemble clustering based on quality and diversity. For this purpose, firstly first we need a lot of different
base clusterings to combine them. Different base clusterings are generated by k-means algorithm with random
k in each execution. After the generation of base clusterings, they are put into different groups according to
their similarities using a new grouping method. So that clusterings which are similar to each other are put
together in one group. In this step, we use normalized mutual information (NMI) or adjusted rand index (ARI)
for computing similarities and dissimilarities between the base clustering. Then from each group, a best
qualified clustering is selected via a voting based method. In this method, Cluster-validity-indices were used
to measure the quality of clustering. So that all members of the group are evaluated by the Cluster-validity-
indices. In each group, clustering that optimizes the most number of Cluster-validity-indices is selected.
Finally, consensus functions combine all selected clustering. Consensus function is an algorithm for combining
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existing clusterings to produce final clusters. In this paper, three consensus functions including CSPA, MCLA,
and HGPA have used for combining clustering. To evaluate proposed method, real datasets from UCI
repository have used. In experiment section, the proposed method is compared with the well-known and
powerful existing methods. Experimental results demonstrate that proposed algorithm has better

performance and higher accuracy than previous works.

Keywords: Ensemble clustering, select member, validity index.
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Algorithm 1: Grouping
Input: matrix GSC;
Output: Vector group_label;
Begin
Vector Obtained NMI;
fori—1ton //n is number of clustering
for j«—i+1 ton
Current NMI+—NMI(GSC (j) , GSC (1));
If Current NMI>=Obtained NMI(j) and j!=i
Obtained NMI(j) «—Current NMI;
Index « j;
end if
i and index are given same group_label;

end for
End for
End Algorithm

G909, ks 5951 1 (V- JS)
(Figure-2): Grouping algorithm
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Algorithm 2: Selection
Input: Matrix GSC, Vector group_label;

Output: Matrix RGSC;

Begin

For each group repeat
y1 < index of clustering that obtains min DB value
y2 «— index of clustering that obtains max CH value

y3 «— index of clustering that obtains max SI value

ya «<—index of clustering that obtains max SNMI
value

Y «—mode (y1, y2, 3, y4);
Add GSC(Y) to RGSC

end For
end Algorithm

ol W':'?.)S‘ﬂ‘ (Y- Js)
(Figure-3): Selection algorithm
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CSPA (59 85 duwslio :(Y— Jguz)
(Table-2): Accuracy comparison on CSPA

SR CAS ARISelective NMISelective Full 0dld4s gosxo o,
70.65 71.04 70.39 71.12 70.16 Wine 1
70.31 71.23 73.19 73.61 70.85 Soybean 2
60.44 59.79 60.55 60.22 59.77 Heart 3
54.25 56.29 57.69 57.59 56.44 Sonar 4
80.01 82.34 84.35 84.35 84.20 WDBC 5
41.01 40.60 40.93 40.98 40.74 Glass 6
43.61 42.70 43.49 42.54 42.26 Breast tissue 7
47.96 47.79 48.77 48.48 48.06 Ecoli 8
39.01 38.70 38.93 39.48 38.78 Vehicle 9
57.98 59.76 60.77 60.13 59.65 Segmentation 10
60.76 62.63 64.98 64.87 64.45 Sat. image 11

MCLA (59, <30 duglio :(¥- Jgaz)
(Table-3): Accuracy comparison on MCLA

SR CAS ARISelective | NMISelective Full osloas gosxo Gy,
71.97 72.34 7247 72.47 72.47 Wine 1
71.29 72.63 74.68 73.40 72.97 Soybean 2
60.51 60.08 60.96 60.77 60.22 Heart 3
56.15 55.94 55.86 57.45 56.73 Sonar 4
79.43 81.07 82.39 82.35 80.35 WDBC 5
45.64 47.25 49.67 50 47.42 Glass 6
41.77 40.38 40.47 41.69 39.24 Breast tissue 7
51.26 53.10 53.60 53.51 53.33 Ecoli 8
42.79 43.34 43.97 44.23 43.38 Vehicle 9
61.48 60.71 62.96 62.34 60.65 Segmentation 10
68.34 65.45 68.88 67.62 67.30 Sat. image 11

HGPA (539, <83 dow lio :(F—Jgu)
(Table-4): Accuracy comparison on HGPA

SR CAS ARISelective | NMISelective Full o3ldds gosxo o,
72.12 72.55 72.47 72.47 72.69 Wine 1
73.08 72.70 73.40 74.04 72.97 Soybean 2
60.02 60.28 60.66 60.62 59.14 Heart 3
58.11 57.76 57.74 58.94 58.75 Sonar 4
81.88 83.02 84.48 82.79 83.30 WDBC 5
38.34 37.70 38.45 38.27 37.66 Glass 6
40.14 39.87 40.37 39.52 38.39 Breast tissue 7
51.23 49.72 52.41 52.85 52.17 Ecoli 8
39.54 39.26 41.56 40.84 40.25 Vehicle 9
60.97 61.12 61.97 61.74 61.34 Segmentation 10
65.97 65.36 66.45 66.97 64.43 Sat. image 11
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(Figure-4): Cluster error rate for different consensus functions
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