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Abstract

Since clustering ensemble was proposed, it has rapidly attracted much attention. This paper makes an overview of recent researc@
on clustering ensemble about generative mechanism, selective clustering ensemble,@Lensus function and application. Twelve
clustering ensemble algorithms are described and compared to choose a basic onel experiment shows that using k-means
with different initializations as generative mechanism and average-linkage agglomerative clustering as consensus function is the
best one. As ensemble size increases, the performance of clustering ensemble improves. The basic clustering ensemble algorithm
with suitable ensemble size is compared with clustering algorithms and the experiment shows that clustering ensemble is better
than clustering. The influence of diversity on clustering ensemble is instructive to selecting members. The experiment shows
that selecting members in high quality and big diversity for low-dimensional data sets, and selecting members in high quality and
median diversity for high-dimensional data sets are better than traditional clustering ensemble.

© 2011 Published by Elsevier Ltd.
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1. Introduction

With rapid progress of clustering technology, clustering analysis plays an important role in various fields, su
as pattern recognition, image processing, business intelligence, document clustering, market research, data analy
and customer recommendation. It is difficult to find one clustering algorithm that can be applied to all data sets, so
various clustering algorithms are improved and different clustering algorithms are proposed. For this problem, authors
in [1] proposed the con of clustering ensemble in 2003. Specifically, the definition of clustering ensemble is as
follow@rere is a dat X = {x1,x2,...,x,} that has n dat| hen, M clustering algorithms are used to cluster
X and ate M partifions. The ensemble member set P = 5rT, P>, ..., Py} is formed with these partitions and
P,(m = 1,2,..., M) is the clustering partition obtained by the mth clustering algorithm. Subsequently, consensus
function I” will combine these ensemble members and get the final partition P*. The intuitive illustration of clustering
ensemble is shown in Fig. 1.

Clustering ensemble combines different clustering partitions about dat@nto a final one. The result of clustering
ensemble is superior to single clustering algorithm. Single clustering algorithm has its own weakness, so it leads to
one algorithm being only suitable for a specific dat@ Clustering ensemble combines these clustering algorithms to
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Fig. 1. Framework of clustering ensemble.

avoid the shortcoming of single clustering algorithm. It fits more dat@s than clustering and it is also robust against
noise and outliers [2].

In order to make a comprehensive research on clustering ensemble and choose a basic algorithm for our further
researches, we introduce twelve clustering ensemble algorithms. The twelve algorithms are composed of three gen-
erative mechanisms and four consensus functions. Then, the comparative experiment of these algorithms finds the
best one as the basic algorithm for further researches. The basic algorithm generates ensemble members using k-
means with different initializations and combines members using average-linkage agglomerative clustering. Next, the
influence of ensemble size on clustering ensemble is analysed to find an appropriate ensemble size. Then the basic
algorithm with suitable ensemble size is compared with standard clustering algorithms. In addition, the relation of
diversity and performance of clustering ensemble is explored to guide the selection of ensemble members. Finally,
the selective clustering ensemble based on qualitv and diversity is compared with traditional clustering ensemble.

The rest of this paper is organized as folloection 2 reviews the recent resear@on clustering ensemble.
Three generative mechanisms and four consensus functions are described in Section 3. tion 4 compares twelve
clustering ensemble algorithms on six dat, analyzes the influence of ensemble size and diversity, and compares
clustering ensemble with standard clustertmg—lgorithms and selective clustering ensemble. This paper is concluded
in Section 5 with discussion about future works of clustering ensemble.

2. Literature review on clustering ensemble

There are two main phases in clustering ensemble. The first stage is producing ensemble members while the sec-
ond stage is combining these ensemble members to get the final partition. As indicated in Fig. 2, the left side shows
different generative mechanisms and the right side displays different consensus functions. By selecting different clus-
tering algorithms, setting different initializations for same clustering algorithm, using sampling data or using feature
subsets, we can produce different ensemble members. Whereas the consensus functions include voting approach,
hierarchical clustering, graph method, information theory and mixture model.

Accordingly, the recent researc ainly focus on four aspec@l) Generative mechanism: the approach to
get the ensemble members [3-12]. elective clustering ensembler selecting effective ensemble members before
consensus function [13-18]. (3) Consensus function: the method of combining ensemble members [19-23]. (4)
Application: the practical applications of clustering ensemble [24-27].

2.1. Generative mechanism

Adopting different clustering algorithms to generate ensemble members is one of the cammon generative mech-
anisms. Authors in [1] propose to apply different clustering algorithms on the same da In [3], authors use
self-organizing maps and k-means, the two well-known clustering algorithms in neural network and statistical field,
to generate ensemble members.
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Clustering Ensemble
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different algorithms voting approach
same algorithm hierarchical clustering
different data subsets graph method
different feature subsets information theory

Fig. 2. Clustering ensemble algorithms classification from generative mechanism and consensus function.

Setting different initial parameters is the main idea of using the same clustering algorithm. In [5], authors repeat
k-means algorithm with different k values. Authors in [6] repeat k-means with the same k value but they randomly
choose initial cluster centers each time. In [7], spectral clustering with random scaling parameter is used as generative
mechanism to generate different ensemble members.

Using different data subsets is suitable for big data. Authors in [8] use the bagging technique to generate data
subsets and propose the structure ensemble approach based on probabilistic bagging. In [10] a new hierarchical
clustering ensemble method based on boosting is introduced, and this method uses several boosting iterations to
create ensemble members.

For high-dimensional data sets, it is suitable to generate members using different feature subsets. Authors in [11]
propose a new clustering ensemble approach based on fuzzy c-means clustering with random projection. In [12],
authors compare random projection, principal component analysis and random sampling the three dimensionality
reduction methods. The results of clustering ensemble are always affected by noise and outliers. In [2], authors use a
feature selection algorithm to remove the noise attributes in data set.

2.2. Selective clustering ensemble

A clustering ensemble algorithm typically produces many ensemble members. However, it is not good to combine
all available members. So it is necessary to select suitable ensemble members. Selective clustering ensemble is an
algorithm that combines partial ensemble members rather than combining all ensemble members. In [13], authors
investigate the diversity among ensemble members. They find that combining members in big diversity is better than
combining members in small diversity even if the latter contains more accurate members. Nevertheless, authors in
[14] carry out a further research. They find that the relation between diversity and quality of members is not linear.
And selecting members in median diversity is always better than selecting members in big diversity.

In [15], authors regard selective clustering ensemble as the two-objective optimization problem of quality and di-
versity, so they propose an algorithm based on random sampling. This algorithm estimates the qualities and diversities
of ensemble members through resampling technique and selects members to build new ensemble member set. Au-
thors in [5] investigate several methods to evaluate and select ensemble members based on relative clustering validity
indexes. These indexes calculate the relationship between cluster and partition, and select ensemble members that are
of high quality to participate in clustering ensemble. They combine these relative indexes and create a final evaluation
criterion for selecting the high quality members to participate in rather than combining all ensemble members.
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Authors in [16] are inspired by the concept of attribute importance in rough set theory. They regard all members
of clustering ensemble as features of data set, and transformed selective clustering ensemble into unsupervised feature
selection. First, the selective clustering ensemble based on rough set theory calculates the importance of each attribute
relative to all attributes according to information entropy. Then it selects members that correspond to important
attributes. In [18], authors present an incremental semi-supervised clustering ensemble algorithm which removes
redundant ensemble members according to two cost functions. The first cost function considers not only the similarity
between two subspaces but also the cost of ensemble members, while the second cost function calculates the cost that
combines the increasing selected members into the final partition.

2.3. Consensus function

The method based on co-association matrix was proposed in 2001 before the appearance of clustering ensemble
[19]. In [21], authors use voting spatial clustering ensembles based on co-association matrix to protect privacy. The
co-association matrix calculates the similarities among data according to the frequencies of data in same cluster. In
[5], authors propose evidence accumulation which partitions data x; and x; into same cluster once their votes are
more than the others. To combine the ensemble members, authors in [6] propose the extended evidence accumulation
clustering, a new consensus function based on co-association matrix.

Graph method is a popular consensus function. In [18], authors regard the problem of combining members as
graph partitioning and deal it with normalized cut algorithm. Authors in [22] use spectral clustering algorithm on
similarity matrix to produce the final partition. In addition, authors in [1] propose three hyper graph methods: cluster-
based similarity partitioning algorithm, hyper-graph partitioning algorithm and meta-clustering algorithm. The three
algorithms transform data into hyper graph based on clustering members, and the hyper edge between data means the
data belong to the same cluster.

Information theory and mixture model are two new consensus functions. In [2], authors adopt a probabilistic
model and a finite mixture of multinomial distributions in cluster space as consensus function. Authors in [10]
combine the ensemble members through an information theoretic approach. In [23], authors propose a clustering
ensemble algorithm based on Dempster-Shafer evidence theory. This algorithm uses the neighbors to describe the
data and takes the surrounding information of cluster structure about data into consideration. First, they find the
neighbors of each data and generate its label probability outputs in each member. Second, these label probability
outputs are integrated based on Dempster-Shafer theory to produce the final result.

2.4. Application

The application of clustering ensemble is extensive, especially in image. This is mainly because some consensus
functions are based on graph. In [22] the clustering ensemble algorithm is applied to image segmentation and it
outperforms most existing image segmentation methods. Authors in [24] intro@ clustering ensemble algorithm
into visual object categorization and face image grouping with multiple feature r entations.

Clustering ensemble supplies significant contributions to medical research. Accuracy is extremely important in
medical science. Authors in [18] propve clustering ensemble algorithms to discover the types of cancer: adoptive
clustering ensemble algorithm, clustermrg ensemble algorithm based on knowledge, clustering ensemble algorithm
based on neural gas, hybrid fuzzy clustering ensemble framework and clustering ensemble algorithm based on fuzzy
theory. In [25], authors des@ new medical system which combines clustering ensemble with text summarization
for comprehensive gene exp on data analysis.

Clustering ensemble is widely used in cloud classification. In 2012, authors in [27] propo@ high resolution
satellite precipitation estimation algorithm (HSPE) which uses the link-based clustering ensemble method (LCE)
to cluster cloud patches. HSPE includes four steps: split infrared cloud images into patches, cloud patch feature
extraction, cluster cloud patches using LCE, dynamic application of brightness temperature and rain rate relationships
derived using satellite observations. The addition of clustering ensemble makes HSPE outperform LCE with self
organizing map in rainfall estimate.

3. Common clustering ensemble algorithms

In this paper, we compare twelve common clustering ensemble algorithms composed of three generative mech-
anisms and four consensus functions to choose a basic one for further researcl@n clustering ensemble. The three
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generative mechanisms ar@e algorithm with different initializations, using different data subsets and using dif-
ferent feature subsets in Fig. 2. While the four consensus functions are voting approach and three agglomerative
hierarchical clustering algorithms based on co-association matrix in Fig. 2.

3.1. Generative mechanisms

3.1.1. Same algorithm with different initializations

Using one algorithm but setting different initializations is one of the most common generative mechanisms in
clustering ensemble. And k-means is usually used in this method because it is easy to implement and it has low
complexity [6]. In this paper, we use k-means with different initializations as the first generative mechanism. The
progress of using k-means as generative mechanism is described in Algorithm 1.

Algorithm 1 Generative mechanism: k-means with different initializations
Input: &, number of clusters in each ensemble member; X, date*Q'with n data; M, number of ensemble members
QOutput: M ensemble members

1: setm = 0;

2: while m < M do

3 randomly select & initial cluster centers;

4 repeat

5: (re)assign each data into the cluster according to Eq. (1);
6 update the cluster centers according to Eq. (2);

7 until there is no change with clusters or Eq. (3) is minimal;
8 m=m+1;

9: end while

Generally speaking, the generative mechanism of k-means with different initializations is running k-means M
times with fixed k value and different initial cluster centers. First, it randomly chooses k data from X as initial cluster
centers. Then, it assigns data into the cluster where its nearest cluster center is. This assignment is based on the
Euclidean distance between data and cluster center in Eq. (1).

dist(xj,c;) = \/(le —ci)? + (xp — )+ + (xXjs — i)’ (1)

where x; = (xj1, Xj2, ..., Xjs) is a piece of data in X, ¢; = (¢;1, ¢, . . ., Cj5) 18 cluster center and their dimensions are s.
Since the data are reassigned to other clusters, the cluster centers will change. So it is necessary to calculate the new
cluster center in each cluster according to Eq. (2).

1
G =re 2N @)

x;€C;

where | C; | is the total number of data in cluster C;. Repeating above reassignment and recalculation until the cluster
centers do not change or the objective function in Eq. (3) is minimized.

E = Zk: Z dist(x;, ¢;) 3)

i=1 x;eC;

Repeating the above operations M times and getting M ensemble members.

3.1.2. Different data subsets

Using different data subsets as generative mechanism is suitable for big data. In this paper, we adopt resampling
method without replacement to generate the subsets of original data [10]. Then, using k-means on these data subsets
to generate multiple ensemble members. The generative mechanism of using different data subsets is summarized in
Algorithm 2.
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Algorithm 2 Generative mechanism: k-means with different data subsets

Input: %, number of clusters in each ensemble member; X, data set with n data; M, number of ensemble members
QOutput: M ensemble members

1: setm = 0 and calculate n* according to Eq. (4);
2: while m < M do
3 loop sampling without replacement until n* data are randomly selected from X
4 randomly select k initial cluster centers from the selected n* data;
5: repeat
6 (re)assign each data into the cluster according to Eq. (1);
7 update the cluster centers according to Eq. (2);
8: until there is no change with clusters or Eq. (3) is minimal;
9: m=m+1;
10: end while

The generative mechanism of using different data subsets is running k-means M times with different initial cluster
centers on resampling data. First, it calculates the number of resampling data based on the Law of Large Numbers
and the Central Limit Theorems. The formula is described in Eq. (4).

X 12 X 62

A Xn+2x6?

where 7 is the total number of data, = 1.96 is the probability degree because the confidence coefficient we used in
our experiments is 0.95, ¢ is the standard deviation, and Ax = 0.16 is error limitation. Then, it randomly samples n*
data from X without replacement. Next, k-means randomly chooses k data from the above n* data as initial cluster
centers. Then, it reassigns data into clusters according to Eq. (1) and recalculates the cluster centers according to Eq.
(2). Reassigning and recalculating until the cluster centers do not change or Eq. (3) is minimized. Repeating above
operations until M ensemble members are gotten.

3.1.3. Different feature subsets

It is suitable for high-dimensional dat@ to use different feature subsets as generative mechanism. In this paper,
we adopt ReliefF algorithm [12] for dimensionality reduction and generate different data sets with selected features.
Then k-means runs on these new data sets that are composed of the selected feature subsets to generate multiple
ensemble members. The generative mechanism of using different feature subsets is presented in Algorithm 3.

The generative mechanism of using different feature subsets mainly includes two steps: projecting data into a
random subspace of lower dimension and clustering new data sets with k-means. First, it finds the neighbors in same
cluster with the data and denotes them as H. Second, it finds the neighbors in different cluster from the data and
denotes them as M. Then, it calculates the weight of feature on each data according to Eq. (5).

.o POy g .
di (A, X, Hz) 1-p(class(x;)) Z:i:l dlf(A’ X, M,(C))
W(A) = WA) - fT + —

i=1 Ceclass(x;)

®

where x; is a data in X, W(A) is the weight of feature A on data x;, m is the number of resampling frequency, r is the
number of neighbors, H; is the ith data in H, M;(C) denotes the jth data of cluster C in M, class(x;) is the cluster
label of x;, p(C) denotes the probability of cluster C, dif(A, x;, x;) indicates the difference of feature A on data x; and
x; and it is shown in Eq. (6).

Jxi[A]=x;[A]l . . .
m, if A is continuous
dif(A, x;,x;) =10, if A is discrete and x;[A] = x;[A] ©6)
1, if A is discrete and x;[A] # x;[A]
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Algorithm 3 Generative mechanism: k-means with different feature subsets

Input: k, number of clusters in each ensemble member; X, data set with n data; M, number of ensemble members;
0, the threshold of feature weight

QOutput: M ensemble members

1: while m < M do
2 set all feature weights as 0;
3 repeat
4 find H and M of each data and calculate the weight of feature on each data according to Eq. (5);
5: calculate the average weight of feature according to Eq. (7);
6 if W(A) > 6 then
7 retain feature A;
8: else
9: delete feature A;
10: end if
11: until all features are compared with ¢;
12: generate new data set with retained features and randomly select k initial cluster centers;
13: repeat
14: (re)assign each data into the cluster according to Eq. (1);
15: update the cluster centers according to Eq. (2);
16: until there is no change with clusters or Eq. (3) is minimal;
17: m=m+1;

18: end while

where x;[A] and x;[A] are the values of feature A on x; and x; respectively, max(A) and min(A) are respectively the
maximum value and minimum value of feature A on X. Next, it calculates the average weight of each feature according
to Eq. (7).

1 p
W) = > W) ()
i=1

where W(A) is the average weight of feature A. And if W(A) > ¢, retain feature A. Otherwise, delete feature A. Then,
it produces new data set using the retained features and randomly selects k data from the new data set as initial cluster
centers. Reassigning data into clusters according to Eq. (1) and recalculating the cluster centers according to Eq.
(2) until the cluster centers do not change or Eq. (3) is minimized. Repeating above operations until M ensemble
members are generated.

3.2. Consensus functions

Voting approach, the first consensus function we used in this paper, is based on co-association matrix [19]. Co-
association matrix is a symmetrical matrix that reflects the relations of data in M different ensemble members. The
similarity of data x; and x; in co-association matrix is calculated as Eq. (8).

Cij

COy= -1

®)
where ¢;; counts the number of data x; and x; appear in same cluster. Based on the definition of co-association matrix,
CO;; = COj;. Voting approach is the earliest proposed consensus function and has been used frequently. After
calculating co-association matrix, voting approach compares the values in it with the defined threshold 6. If CO;; > 6,
data x; and x; are partitioned into one cluster. Otherwise, they are in different clusters. In our experiments, we set 6 as
0.5 because the previous researches usually set 6 as 0.5.

The three agglomerative clustering consensus functions are based on graph [22]. The vertexes of graph are data.
At first, the vertexes are independent of each other and there are no edges among the vertexes. The three agglomerative
algorithms combine vertexes into clusters gradually according to cluster proximity. The first agglomerative algorithm
is single-linkage consensus function which defines cluster proximity as the closest distance of data in two clusters.
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The second agglomerative algorithm is complete-linkage consensus function which takes the farthest distance of
data in two clusters as cluster proximity. The third agglomerative algorithm is average-linkage consensus function
which defines cluster proximity as the average distance among data in two clusters. The three cluster proximities are
presented in Eq. (9).

argmin, e . cc, dist(x;, x;), single-linkage
PM(Cy, Cy) = {21 MAXcc, v ec, dist(x;, x;), complete-linkage 9)
DxeC Lixjecy dist(xix)) .
TomN , average-linkage

where dist(x;, x;) is the Euclidean distance between data x; and x;, | C,, | is the number of data in cluster C,,, | C, | is
the number of data in cluster C,,, PM(C,,, C,) is the cluster proximity between cluster C,, and C,,.

4. Experiments

In this paper, we design five sets of experiments to analyze clustering ensemble. First, we compare twelve common
clustering ensemble algorithms to choose a basic one for further experiments. Second, we explore the relationship
between algorithm performance and ensemble size. Third, the basic clustering ensemble with suitable ensemble size
is compared with three standard clustering algorithms to prove its efficiency. Fourth, we study the relation between
diversity and performance of clustering ensemble to guide selective clustering ensemble. At last, selective clustering
ensemble based on quality and diversity is compared with traditional clustering ensemble. Our experiments are based
on six University of California Irvine Machine Learning Repository data sets. Table 1 shows the detailed information
about data sets.

Table 1: Summary of data sets where n is amount of data, d is number of features and k is number of classes.

data set n d
Image Segmentation (IS) 2310 19
Tonosphere 351 34
Iris 150 4

Page Blocks Classification (PBC) 5473 10
Statlog of Vehicle Silhouettes (SVS) 846 18
Wine 178 13

WA W Q=

In clustering ensemble, the diversity between ensemble members can be measured by (Adjusted) Rand Index,
Jaccard Index and (Normalized) Mutual Information [5]. And these indicators have same meaning and similar trend.
In this paper, we evaluate diversity in ensemble members with Jaccard Index (JI) which is defined as Eq. (10).
ni

JI(P;, Pj) = (10)

nyp +nop + nyo
where n;; denotes the number of data pairs which are not only in the same cluster in P;, but also in the same cluster
in P;. And ng; is the number of data pairs in different clusters in P; but in the same cluster in P;. On the contrary,
nio denotes the number of data pairs in the same cluster in P; but in different clusters in P;. In general, ny; counts the
consistency among P; and P; while ng; and no count the inconsistency of P; and P;. If the partition of P; is the same
as Pj, then JI(P;, P;) takes its maximum value of 1.

In most cases, the real class labels are adopted as standard for measuring the performance of clustering ensem-
ble. Error Rate, Accuracy and (Normalized) Mutual Information are used to evaluate the performance of clustering
ensemble algorithm [5]. In this paper, we use Accuracy estimating the algorithm performance. Accuracy counts the
probability of data in right partition and is defined as Eq. (11).

n
.4 €6;
Accuracy = h (11)
n
If data x; has same partition in our result with the real partition, e; = 1. Otherwise, ¢; = 0. The bigger the Accuracy,
the greater the performance of clustering ensemble.
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4.1. Comparison of common clustering ensemble algorithms

In order to choose a basic clustering ensemble algorithm for further rese@s on selective clustering ensemble,
we compare twelve clustering ensemble algorithms. The twelve clustering ensemble algorithms are composed of three
generative mechanisms and four consensus functions described in Section 3. The three generative mechanisms are
k-means with different initializations, method based on different data subsets and method based on different feature
subsets. The four consensus functions are voting approach and three agglomerative clustering algorithms respectively
with single-linkage (SL), complete-linkage (CL) and average-linkage (AL). The ensemble size in each algorithm is
5, 8, 13, 20 and 30 respectively. Each clustering ensemble algorithm with different ensemble sizes runs 20 times.
The statistical results about twelve clustering ensemble algorithms in 100 runs are shown in Fig. 3 in the form of
box-plot. The box-plot in Fig. 3 not only shows the best ﬁt, the average result and the worst result, but also shows
the distribution of all results.

T T
B L I L A

2 05 03
KI k2 K3 K4 DI D2 D3 D4 FL F2 F3 F4 KI K2 K3 K4 DI D2 D3 D4 FL F2 F3 F4

K2 K3 K4 DI D2 D3 D4 FL F2 F3 F4

(a) IS (b) Tonosphere (c) Iris

KI K2 K3 K4 DI D2 D3 D4 FL F2 F3 F4 KI K2 K3 K4 DI D2 D3 D4 FL F2 F3 F4 KI K2 K3 K4 DI D2 D3 D4 FL F2 F3 F4

(d) PBC (e) SVS (f) Wine

Fig. 3. All results of 12 clustering ensemble algorithms on 6 data sets in 100 runs. Accuracy represents the algorithm performance. K1~K4
respectively denote k-means generative mechanism with voting approach, SL, CL and AL. D1~D4 are combinations of using different data subsets
with voting approach, SL, CL and AL. F1~F4 combine using different feature subsets with voting approach, SL, CL and AL respectively.

From Fig. 3 we can intuitively see the following information. (1) Compared with D1 and F1, K1 performs well
on data set (b)~(f). Compared with D2 and F2, K2 achieves the best result on data set (a), (c), (d). Compared with
D3 and F3, K3 performs well on data set (a)~(d). Similarly, K4 performs better than D4 and F4 on data set (a), (c),
(d), (f). According to these phenomena, we can get the conclusion that k-means with different initializations is the
best generative mechanism. Using data subsets is suitable for big data sets and using feature subsets fits data sets
that have many attributes. (2) Compared with K1~K3, K4 achieves the best result on data set (a), (c)~(f). Compared
with D1~D3, D4 performs well on data set (a)~(e). F4 performs better than F1~F3 on data set (a), (c), (e), (f).
AL is the best consensus function. Voting approach considers votes of all members and it is easily affected by the
quality of ensemble members. The cluster proximity in SL is the shortest distance among data in two clusters and
it is sensitive to noise and outliers. The cluster proximity in CL is the farthest distance among data in two clusters
and it breaks large clusters. Compared with SL and CL, AL calculates the average distance of data in two clusters as
cluster proximity and it avoids the above weaknesses. (3) The clustering ensemble algorithm K4 that uses k-means as
generative mechanism and AL agglomerative clustering as consensus function performs well on most data sets. And
our other researches about clustering ensemble are based on algorithm K4.

In addition, we find that the Accuracy of some algorithms is less than 60%. This is resulted by ensemble size and
consensus function. Once the ensemble size is small, each ensemble member will have a big influence on the final


Alia
Sticky Note
research

Alia
Sticky Note
the best, average, and worst results,


X. Wu et al. Computers and Electrical Engineering 00 (2018) 1-14

result. And if the qualities of ensemble members are poor, the result of clustering ensemble is affected accordingly.
So, it is necessary to increase the ensemble size to reduce the influence of members that are of poor quality. Besides,
a good consensus function is essential. Although AL is the best consensus function in this experiment, there are still
many consensus functions waiting for us to study. Although clustering ensemble is widely used in image, the results
of most clustering ensemble algorithms on IS data set are not as good as we excepted. In addition to the impact of
ensemble size, this is because the best consensus function in image processing is Normalized cut algorithm.

4.2. Influence of ensemble size on performance of clustering ensemble

In this experiment, we analyze the influence of ensemble size on performance of clustering ensemble. According
to the experiment results in Section 4.1, the clustering ensemble algorithm we used is K4 that generates ensemble
members with k-means and combines ensemble members with average-linkage agglomerative clustering. We set the
number of ensemble members as 5, 8, 13, 20, 30, 50, 80 and 100. The average Accuracy of K4 with different ensemble
sizes in 20 runs are calculated to denote the performance of clustering ensemble. The results are shown in Fig. 4.

(c) Iris

(d) PBC (e) SVS (f) Wine

Fig. 4. Influence of ensemble size on clustering ensemble. The ensemble sizes are 5, 8, 13, 20, 30, 50, 80 and 100. Accuracy denotes the
performance of clustering ensemble. The line charts and bar charts are all expressions of performance with different ensemble sizes.

From Fig. 4 we can see that the algorithm achieves the best when ensemble size is 100 on all data sets. And on
most data sets, the performance of clustering ensemble increases he ensemble size increases. With the incr t
of ensemble size, there are more ensemble members than previous! the influence of members that are of low y
becomes smaller. In addition, we also see that the performance of the clustering ensemble on Iris and Wine data set is
superior to it on IS and Ionosphere data sets. And the clustering ensemble algorithm is general on PBC and SCS data
sets. Because Iris and Wine are in small sizes with few instances and few attributes, the performance of clustering
ensemble algorithm reaches the best easily on these data sets. According to the conclusion in this experiment, the
clustering ensemble algorithm improves gradually with the ensemble size increases. Generally speaking, the bigger
the ensemble size, the better the performance of clustering ensemble.

4.3. Comparison of clustering ensemble algorithm and standard clustering algorithms

In this experiment, we compare clustering ensemble algorithm with standard clustering algorithms. The clustering
ensemble algorithm we used is algorithm K4 in Section 4.1 and the ensemble size is 100. The standard clustering
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algorithms we used in this experiment are standard k-means clustering algorithm (k-means) [28], fuzzy c-means
clustering algorithm (FCM) [29] and self organizing maps clustering algorithm (SOM) [30]. The number of clusters
in k-means, FCM and SOM is the real class number of data sets. The learning gain coefficient in SOM is a(¥) = 1 — ﬁ
where ¢ is the current time and 7 is the number of data. The reaction neighbourhood in SOM is half of the network
bandwidth. All algorithms run 20 times and the average Accuracy of each algorithm on six data sets is calculated and
shown in Fig. 5.

1 5 Accuracy

g

IS lonosphere Iris. PBC SVS Wine

EICE Nk-means #FCM BSOM

Fig. 5. The comparison of clustering ensemble algorithm and standard clustering algorithms. CE is clustering ensemble algorithm, k-means
is standard k-means clustering algorithm, FCM is fuzzy c-means clustering algorithm and SOM is self organizing maps clustering algorithm.
Accuracy represents the algorithm performance.

From Fig. 5 we can see that compared with standard clustering algorithms, CE is better than FCM and SOM on
all data sets and it is superior to k-means on five data sets. The performance of clustering ensemble is better than
standard clustering algorithms because clustering ensemble produces final result using all ensemble members that are
generated by k-means. On PBC data set, the result of CE is similar to the result of k-means. And the result of k-means
is better than the result of CE on Iris data set. This is because k-means performs well on low-dimension data sets.
But, k-means is not as good as FCM and SOM on data sets that have more attributes. Compared with FCM, SOM
is superior to FCM on SVS and Wine data sets, but it is worse than FCM on IS and Ionosphere data sets. This is
because SOM partitions data as the human brain. As the dimension of the data increases, the complexity increases
and the accuracy is reduced. It can be seen that there is no clustering algorithm that performs well on all data sets, and
this is the reason for proposing clustering ensemble. Clustering ensemble combines the results of different clustering
algorithms and it has better performance than single clustering algorithm.

4.4. Influence of diversity among members on selective clustering ensemble

Quality and diversity are two factors in selective clustering ensemble while selecting ensemble members. From
research in [18] and above experiments, we know ensemble members that are of high quality have positive influence on
the final result. This experiment analysed the influence of diversity among ensemble members on selective clustering
ensemble. We record the results of twelve clustering ensemble algorithms with different ensemble sizes in 20 runs. In
this experiment, the ensemble size is 5, 8, 13, 20, 30. According to the statistics on average diversity and Ac@y of
members, the trend chart of diversity and quality is drawn in Fig. 6.

From (c), (d) and (f) in Fig. 6 we can see that the performance of algorithms on Iris, PBC and Wine data sets
improves as diversity of ensemble members increases. It is contrary on IS, Ionosphere and SVS data sets. The
relationship between diversity and performance is not linearly increased on these data sets. It is generally declining,
even though it finally rises on the Ionosphere data set. Therefore, the median diversity among ensemble members can
get better results than big diversity on these data sets. The reason for this phenomenon is that Iris, PBC and Wine data
sets have little attributes. If the diversity among ensemble members is small on data sets that have few attributes, these
members can not fully reflect the structure of original data set. And this discovery is useful in selective clustering
ensemble. On low-dimensional data sets, selecting ensemble members in big diversity is helpful to the final result.
While on high-dimensional data sets, it is better to select members in median diversity.
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Fig. 6. Relation between diversity among members and performance of clustering ensemble. JI denotes the diversity among the ensemble members.
Accuracy evaluates the performance of clustering ensemble. The red part of line charts shows the results in high performance and the yellow part
shows those in low performance.

4.5. Comparison of clustering ensemble and selective clustering ensemble

In this experiment, we compare the clustering ensemble algorithm with selective clustering ensemble algorithm
on six data sets. The selective clustering ensemble selects ensemble members based on the conclusion in Section 4.4.
It selects members in high quality and big diversity on Iris, PBC and Wine data sets. On IS, Ionosphere and SVS data
sets, it selects ensemble members in high quality and median diversity. The generative mechanism in these algorithms
is k-means and the consensus function is average-linkage agglomerative clustering. The ensemble size in clustering

ensemble is 100. And the number of selected memb selective clustering ensemble is respectively 25, 50, and 75.
Each algorithm runs 20 times and the average Accu@nof the results are calculated and shown in Fig. 7.

£ Accuracy

09
08 ||

0.7 21K

0.6

IS lonosphere Iris

[ICE ®SCE-25 SCE-50 B SCE-75

Fig. 7. The comparison of clustering ensemble and selective clustering ensemble. CE is the clustering ensemble algorithm, SCE-25 is selective
clustering ensemble that selects 25 ensemble members, SCE-50 selects 50 ensemble members and SCE-75 selects 75 ensemble members from 100
ensemble members. Accuracy represents the algorithm performance.

From Fig. 7 we can see that SCE-50 and SCE-75 are superior to CE and SCE-25. It proves that selective clustering
ensemble is generally better than traditional clustering ensemble. Some ensemble members have positive influence
on the final result while some ensemble members have negative effect. Selecting the ensemble members that have
positive influence can avoid the influence of members that have negative influence. However, SCE-25 is not as good
as CE on most data sets. The reason for this result is that the number of selected members is small compared with
ensemble size. And it can not fully reflect the real partition of data set. Therefore, selective clustering ensemble is
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better than traditional clustering ensemble that combines all ensemble members. And the suitable number of selected
ensemble members needs to be researched in depth.

5. Conclusion and future wor@

In this paper, we review previous resear on clustering ensemble and introduce three generative mechani
and four consensus functions. These algorithms are compared on dat to choose a basic one for further resear
on clustering ensemble. The best one in twelve clustering ensemble algorithms is algorithm K4 that uses k-means with
different initiations as generative mechanism and average-linkage agglomerative clustering as consensus function.
Generally, the performance of clustering ensemble improves ensemble size increases. Clustering ensemble
combines the results of single clustering algorithm and its res better than the single one. Quality and diversity
of ensemble members are two important factors in selective clustering ensemble. The influence of diversity among
ensemble members on clustering ensemble is different according to attributes of data sets. On low-dimensional data
sets, selecting ensemble members in high quality and big diversity is better than combining all ensemble members. For
high-dimensional data sets, selecting ensemble members in high quality and median diversity is better than traditional
clustering ensemble.

Through the research, comparison and analysis of clustering ensemble, our future resear@ will fo n the
following aspects. First, the number of selected members is important in selective clustering ensemble ex uality
and diversity. Our further research is aimed at designing a selective clustering ensemble algorithm based on quality
and diversity. And the number of selected members is automatically generated rather than artificially set. Second,
consensus function is important in combining ensemble members. In future, we are devoted to finding and studying a
better consensus function to realize a better performance of clustering ensemble. Third, clustering ensemble has been
applied to many application scenarios, but it has not been widely used in every field. Extending the applications of
clustering ensemble is an important research point.
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