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ABSTRACT

Clustering ensemble selection is an effective technique for improving the quality of clustering results.
However, traditional methods usually measure the quality and diversity based on the cluster labels of
base clusterings while missing the information of the original data. To solve this problem, a new cluster-
ing ensemble selection algorithm for categorical data is presented. In this algorithm, five popular internal
validity indices and the normalized mutual information are utilized to measure the quality and diver-
sity of the base clusterings, respectively. According to the quality measure, the partition with the highest
value is firstly selected to participate in the ensemble. Then, the base partitions with the highest cluster-
ing quality and diversity with respect to the selected base partitions in previous iterations are iteratively
selected, until the size of selected base clusterings is satisfied. The effectiveness and robustness of the
proposed algorithm are evaluated in comparison with full ensemble, random selection ensemble and the
state-of-the-art ensemble selection algorithms. Experimental results on real categorical data sets show
that the proposed algorithm is competitive with the existing ensemble selection algorithms in terms of

clustering quality.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

The goal of data clustering, also known as cluster analysis, is
to discover the inherent structure from the unlabeled data. A good
clustering algorithm will produce high quality clusters where the
intra-cluster similarity is maximized while the inter-cluster sim-
ilarity is minimized. Clustering analysis has been widely used in
the fields of pattern recognition, social network analysis, bioinfor-
matics, etc [1].

In the past five decades, many clustering algorithms have been
developed for numerical data in the literature [2-4]. However, as
the attribute values of categorical data are unordered nominal val-
ues rather than numerical ones, most of these algorithms can not
be directly used to deal with categorical data. To address this defi-
ciency, some categorical data clustering algorithms have been pro-
posed in the clustering community, including k-modes type algo-
rithms [5-10], Squeezer [11], COOLCAT [12], ROCK [13], LIMBO [14],
DHCC [15], STIRR [16], CLICKS [17], etc. However, there exist no
clustering algorithm that performs best for all the categorical data.
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That is to say, each algorithm has its own strength and weakness,
and can not discover all types of cluster structures presented in
the categorical data. For a given categorical data set, different clus-
tering algorithms, or even the same algorithm with different pa-
rameters, usually obtain distinct clustering results. Therefore, it is
difficult for users to decide which clustering algorithm would be a
proper alternative for a given data set. To overcome these limita-
tions, clustering ensemble algorithms have recently emerged as a
powerful alternative to standard clustering algorithms in the clus-
tering community [18-21]. Their main purpose is to improve the
robustness and effectiveness of clustering results by merging dif-
ferent base clusterings according to some criterion.

A typical clustering ensemble framework usually involves two
key processes: (1) producing a group of base clustering results, and
(2) creating a final clustering using a consensus function. Tradition-
ally, all of the base clustering results are used to create the final
consensus clustering in the second process. Unfortunately, not all
the base clustering results contribute to create the final clustering
[22]. Recently, new methods have been developed to improve the
clustering quality by evaluating and selecting a subset of base par-
titions. These methods are widely known as “clustering ensemble
selection” or “cluster ensemble selection”. Their main objective is
to generate clustering results based on a subset of base partitions,
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which performs as good as or better than using all clustering so-
lutions. Toward this goal, a few studies have been reported in the
literature [22-25]. These studies have shown that the quality and
diversity of the base clustering results are two critical characteris-
tics for cluster ensemble selection. However, in these methods, the
normalized mutual information (NMI) or adjusted rand index (ARI)
are only based on the labels of base clusterings without the infor-
mation of the original data set to measure the diversity or qual-
ity in the selection process. Thus the desirable characteristics of
clustering results, such as clusters compaction and separation, are
missing in the NMI or ARI measures. It is well known that dif-
ferent data types, such as, numerical data or categorical data, re-
quire different treatments to measure the quality and diversity of
the base partitions. This together with the above analysis motivates
our work reported in this paper.

To evaluate the quality of clustering results, various effective
clustering validity indices have been developed in the literature.
Unfortunately, each validity index is only related to some particular
features of a clustering result. That is to say, in clustering analysis,
no single validity index can capture all different aspects [26]. For
our purpose, we will select several suitable clustering validity in-
dices to assess the base partitions in the clustering ensemble selec-
tion process. Intuitively, an ensemble should work the best when
its clustering solutions are of good quality and at the same time
differ from one another significantly. The trade off between quality
and diversity is the key design choice that we need to make for
ensemble selection. Based on these insightful observations, a new
cluster ensemble selection algorithm for categorical data is devel-
oped in this paper. In this algorithm, five popular internal validity
indices for categorical data and the normalized mutual information
are utilized to measure the quality and diversity of base clustering
results, respectively. We firstly select the partition with the highest
quality to participate in the ensemble. Then, we iteratively select
the base partitions with the highest clustering quality and diver-
sity with respect to the set of base partitions selected in previous
iterations (selected set), until the desired number of partitions is
obtained. Experimental results on several real data sets show that
the proposed method is competitive with the existing clustering
ensemble selection algorithms in terms of clustering effectiveness
and robustness.

The remainder of this paper is organized as follows.
Section 2 discusses the related work on categorical data clus-
tering and clustering ensemble selection. In Section 3, five internal
validity indices for categorical data are reviewed, and the proposed
clustering ensemble selection algorithm is described. A series of
experiments to evaluate the performance of the proposed algo-
rithm are conducted in Section 4. Finally, Section 5 provides the
conclusions and discussions of future work.

2. Related work

In this section, categorical data clustering algorithms and some
recent developments on clustering ensemble selection are re-
viewed.

2.1. Categorical data clustering

In many fields, a majority of data sets are often described by
categorical attributes. Examples of such data sets include statis-
tics data, psychological data, financial records in commercial banks,
demographic data, etc. Categorical data clustering is an impor-
tant task. However, due to the lack of a natural ordering relation-
ship among attribute values of categorical data, this task becomes
more challenging. Recently, categorical data clustering has received
much attention [5-9,11-17]. These algorithms can be classified
as various approaches: partitioning (e.g., k-modes), incremental

(e.g., Squeezer and COOLCAT), hierarchical (e.g., ROCK, LIMBO, and
DHCC), graph-based (e.g., STIRR and CLICKS), etc. Among them, the
k-modes type algorithms [5,7,8], as a kind of partitional clustering
technique, are very popular in different application areas. These al-
gorithms remove the numeric-only limitation of the k-means type
algorithms [27] and can be used to cluster large categorical data ef-
fectively and efficiently. Like the k-modes algorithm, the Squeezer
algorithm [11] is a one-pass algorithm that is based on summariz-
ing clusters. However, it reads data objects one-by-one. The first
object forms a cluster alone. Next objects are either put into an
existing cluster or rejected by all to form a new cluster. In order to
solve the problem of sensitivity to the initial cluster centers of the
k-modes algorithm, the COOLCAT algorithm [12] attempts to gen-
erate centers based on information entropy. The ROCK algorithm
[13] is an agglomerative hierarchical algorithm, which evaluates
the similarity between objects of clusters with a link-based similar-
ity measure. In [14], the authors developed a scalable hierarchical
categorical clustering algorithm LIMBO, which employs the infor-
mation bottleneck framework to build a distributional cluster fea-
ture. The DHCC algorithm [15] is a divisive hierarchical clustering
algorithm, which performs the task of clustering categorical data
from an optimization perspective. Some methods apply graph the-
ory to the categorical data algorithm design [16,17]. For example,
Gibson et al. [16] first constructed a hypergraph according to the
data set, and then clustered the hypergraph using a discrete dy-
namic system STIRR. The CLICKS algorithm [17] models a categor-
ical data set as a graph, in which vertices are categorical attribute
values and edges indicate the co-occurrence relationships of val-
ues.

In the above categorical data clustering algorithms, the tradi-
tional k-modes algorithm [5] is widely used because it is easy to
implement, and its efficiency in processing large categorical data
sets. Therefore, in the experiments, it is used as the base cluster-
ing algorithm in the ensemble clustering.

2.2. Clustering ensemble selection

Clustering ensemble solves a clustering problem in two steps.
The first step, known as base clustering, takes a data set as in-
put and generates a set of data partitions. The second step takes
the base clustering as input and combines the solutions through a
consensus function, and then produces final clustering results.

After generating the initial base clustering results, most of the
previous methods use all generated partitions to form final clus-
tering. This may not be the best because some ensemble members
are less accurate than others and some may have detrimental ef-
fects on the final performance. Thus, one of the key steps is to
choose a subset of clustering results with high quality and diver-
sity, which is defined as the clustering ensemble selection by Fern
and Lin [22]. Toward this goal, a few clustering ensemble selection
methods have been developed to improve the performance of fi-
nal clustering results. Fern and Lin [22] proposed three heuristics
methods for selecting subsets of base clustering that consider both
the diversity and quality of the ensemble members. Among these
methods, the method named Cluster And Select (CAS) was empir-
ically demonstrated to achieve the best overall performance. This
method first clusters all ensemble members using spectral cluster-
ing algorithm and then selects one solution from each cluster to
form the final ensemble. Recently, the authors proposed an adap-
tive clustering ensemble algorithm which selects a subset of par-
titions adaptively [23]. Jia et al. [28] generalize the selective clus-
tering ensemble algorithm proposed in [23] and a novel cluster-
ing ensemble method was developed based on bagging technique.
Hong et al. [24] developed a novel selective clustering ensemble
method based on resampling technique. In [25], a hybrid clustering
ensemble selection strategy based on the feature selection tech-



152 X. Zhao et al./Pattern Recognition 69 (2017) 150-168

Clustering .
Algorithm —>Base Clustering 7, | |
Categorical Clustering Selection Subset of Base . *
; L ———» Final Results
Data X ——>Base Clustering 77, Strategy Clustering I1, 4

Algorithm

Clustering
Algorithm

—>Base Clustering 7,

Stage 1: base clustering generation

|

Stage 2: base clustering selection Stage 3: consensus function

Fig. 1. The framework of the clustering ensemble algorithm.

nique is developed. Instead of selecting a subset of base clustering
in the process of clustering ensemble selection, the authors used
a subset of clusters to form final clustering results by getting rid
of some “bad” clusters [29,30]. Different from the above methods
which select a subset of base clusterings to form final clustering
results, some efforts have been made to assign varying weights
to different base clusterings [31-33]. For example, in [32], several
property validity indices (PVIs), namely, variance (VI), connectiv-
ity(CI), silhouette width (SI) and Dunn index (DI) are exploited to
assign a weight to each base clustering in the ensemble process
and a new clustering ensemble method based on kernel functions
is developed.

Most of the previous research contributions use the clustering
external criteria, i.e., normalized mutual information (NMI) or ad-
justed rand index (ARI), to evaluate the quality and diversity of
base clustering results. These methods have not taken the charac-
teristics of the original data into the process of clustering ensem-
ble selection and deserve further research, which stimulates our
current work.

3. Proposed clustering ensemble selection algorithm

In this section, the formal definition of clustering ensemble se-
lection is first given, and then five internal validity indices are
reviewed. Based on these five indices, the proposed algorithm of
clustering ensemble selection is described in the subsequent sub-
sections.

The clustering ensemble selection problem can be formulated
as follows. Let X = {X{,Xp,---,Xy} be a categorical data set of
N objects described by m attributes, and let IT = {m,---, 7y}
be a cluster ensemble with M base clusterings, each of which
is also referred as an “ensemble member”. Each base clustering
consists of a set of clusters g = {C§.C5. - ,Cfg}(l <g<M), such

that Ul;gz ,C8 =X, where kg is the number of clusters in the gth
base clustering. The problem of clustering ensemble selection is
to choose a subset of base clusterings ITg = {7, --- , ¢} (ITs < 1)
from the cluster ensemble IT via a certain selection strategy. Then,
a final clustering solution * = {C, G, --- , G} of the given data set
X based on the selected base clusterings I1s is formed using a con-
sensus function. The process of clustering ensemble framework is
depicted in Fig. 1. It is divided into three stages: the generation
of base clusterings IT, the selection of the clustering solutions ITg,
and the generation of the final results using the consensus func-
tion based on Ilg. This paper mainly focuses on the second stage,
whose aim is to select a subset I1s from the existing base cluster-
ings IT.

3.1. Review of the internal validity indices

Several related articles on clustering ensemble selection have
shown that quality and diversity of the base clusterings are cru-
cial for a successful clustering ensemble [22,23]. As is well known,
clustering validity measures, including external indices and inter-
nal indices, are very useful to evaluate the quality of clustering re-
sults. In contrast to external validity indices, which examine the
agreement between the cluster labels with the category labels
based on a priori information, internal validity indices evaluate the
clustering structure of data partitions without any external infor-
mation. Note that reviewing the literature on clustering validity in-
dices for categorical data is out of the scope of our work. In this
paper, we use five different clustering internal validity indices for
categorical data to evaluate the quality of base clusterings and se-
lect the most promising ones for an ensemble.

Let X = {X;,Xp,---,Xy} be a categorical data set of N ob-
jects with m attributes A= {A;,Ay,---,Amn}. VX is the value
domain of attribute A, € A for categorical data X, ie, VX =
{vﬁ”,vﬁz), ,vﬁ”’)}, where n, is the number of categories of at-
tribute A, for 1 < r < m. Similarity, Vrc" is the value domain of
attribute A, € A for the data in the cluster C;. An object X; € X can
be represented as a vector [;1, X2, . . ., Xim], Where x;, € VX , for 1
< r < m. Suppose that one of the base clusterings for categorical
data X is m = {C, Gy, --- , G}, where k is the number of clusters. In
the following, the five internal indices are briefly described.

» Category utility function (CU)
The category utility function introduced by Gluck and Corter
[34], is a measure of “category goodness”, which has been ap-
plied in some categorical data clustering algorithms [35,36] and
consensus clustering [38]. It can be described as follows:

m ny

k
e =13 555 [Pt = 00167 - P, = 0)2].
i=1 r=1 g=1

(1)

where P(A; = '9|C;) is the probability of v'¥ for the rth at-
1@ e
tribute in the cluster G, ie., P(A; = v\?|G) = %ﬁix@qu

P(Ar =v9) is the probability of ¥ for the rth attribute in

Ty @
the categorical data set X, ie., P(A; = vﬁq)) = w

According to Eq. (1), one can find that the CU index attempts
to maximize the probability that two data objects in the same
cluster obtain the same attribute values, which looks different
from more traditional clustering criteria adhering to similarities
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and dissimilarities between objects [37,39]. And it is clear that
the higher the value of CU index, the better the clustering re-
sults.

Categorical data clustering with subjective factors (CDCS)
The CDCS index [40] is defined based on intra-cluster cohe-
sion and inter-cluster similarity for a clustering result, which
is given as follows:

intra(m)

(2)
First, the intra-cluster cohesion for a clustering result is defined
as the weighted cohesion of each cluster, where the cohesion
for a cluster C; is the summation of the highest probability for
each attribute as shown below:

k m 3
intra(m) :Z Z (maxP(A _U(q)))

And, the inter-cluster similarity for a clustering result is the
summation of cluster similarity for all cluster pairs, weighted
by the cluster size. The inter() is described as follows:

Y Yk sim(G. TG UG

(3)

inter (i) &-1).N , (4)
where the similarity between two clus-
ters G and (G, is computed as, Sim(G,Cj) =
m 1[2 min{P(A, =v ‘”|q),p(Ar:v£q>|cj)}+e]. The idea

behind this definition is that the more the clusters intersect,
the more similar they are. If the distribution of attribute values
for two clusters is similar, they will have a higher similarity
score. The exponent 1/m is used for normalization since there
are m component multiplications when computing Sim(C;, G;).
According to this equation, the best partition should be indi-
cated by larger values of Intra(sr) and lower values of Inter(r).
That is to say, good partitions are distinguished by large values
of CDCS.

Davies-Bouldin (DB)

The DB index [41] is a function of the ratio of the sum of
within-cluster scatter to between-cluster separation, which is
firstly used to evaluate the clustering results of numerical data.
Here we use it to evaluate the base clustering of categorical
data. The scatter within the ith cluster, s;, is computed as s; =
‘%il Yxieq; re1 d(Xir, zir), and the distance between clusters C;
and G, denoted by dy, is defined as d;; = /L, d(z;;, zj;). Here,
Zir and z; represent the modes of ith and jth clusters in the rth
attribute, respectively. And d is a simple matching dissimilar-

ity measure, i.e., d(x,y) = ? ﬁ;; Then, the DB index is
defined as follows:
k
sl +5;
DB(w) = 5
() = Z max(= 7=, 5)

According to this equation, good partitions, composed of com-
pact and separated clusters, should be indicated by small values
of DB.

Cluster cardinality index (CCI)

Inspired by set operations, which are often used to describe the
property and structure of categorical data, a new cluster valid-
ity index for categorical data, named cluster cardinality index
(CCI) [42], is defined as follows:

k

ccz(n):;czl}%{mc_’(l')}’
i=1 7

CId, j) (6)

C:
where ci) = &y, bl CI. j) =

i 2

‘VlUvjl Ul VAl , V5 and Vrcf are the value domains of
|v' v 41
the rth attrlbute within clusters i and j. In the above equation,
CI(i) is the average number of categorical values of cluster i
over all attributes and CI(i, j) is the average number of different
categorical values between clusters i and j over all attributes.
The CCI tries to minimize the average dissimilarity of objects
within the same cluster with a smaller number of categorical
values in each attribute and maximize the dissimilarity of
different clusters with a larger number of different categorical
values in all attributes. Hence, the CCI index is small if the
clusters are compact and far from each other.
Information entropy (IE)
The IE index [12] uses the information-theoretic principles and
the notion of entropy to measure the clustering results. The ba-
sic intuition is that groups of similar objects have lower entropy
than those of dissimilar ones. The information entropy index for
clustering results of categorical data is defined as follows:
1G] <

IE()=— kZ - ZZP(A

i=1 j=1q=1

vi?|G) log P(A; = v |G,

(7)

where P(A; = v§Q)|C,-) represents the same meaning as the defi-
nition of Eq. (1). It is verify that clustering results composed of
good clusters are distinguished by small values of IE.

3.2. Quality and diversity measures

For the problem of clustering ensemble, the quality and diver-
sity measures are considered as two critical factors for the selec-
tion of base clusterings to be ensemble. In this subsection, we will
explain how we measure the quality and diversity of base cluster-
ing results.

The five clustering internal validity indices are adapted to as-
sess the quality of the candidate base clusterings and to select the
base partitions. In order to measure the quality easily, a function
ClVI(r;, index;) is used to return the value of clustering internal
validity index for the ith base clustering r; when evaluated by the
jth index. For a given data set X, it is noticed that the maximal
values of some validity indices (e.g., CU and CDCS) are correspon-
dent with the best clustering performance. Whereas the optimal
clustering results will be found when the values of these indices
(e.g., DB, CCI, and IE) are minimal. In order to measure the qual-
ity consistently, the values of the later three indices (e.g., DB, CCI,
and IE) are recalculated by exp(—1 x CIVI(r;, index;)). And the CIVI
values of the same validity index for the different base clusterings
are normalized to [0, 1] by the following criterion:

CIVI(7;, index;)
Y, CIVI(ry, index;)

CIVI(7;, index;) = (8)
where M is the number of base clusterings, 1 < i < M, and j =
1,2,...,5. Therefore, the higher the values of these five indices for
a clustering result, the better the clustering performance is. Then,
the sum of the individual values is then calculated for each base
partition (over the different indices) and the base partitions with
highest sums are selected for the ensemble. The quality of each
base partition is calculated as follows:

1< .
DE CIVI(r;, index;),
j=1

quality(m;) = 9)

where v =5 stands for the number of internal validity indices.
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About the diversity measure of base clustering results, there are
several different measures in the literature of cluster ensembles.
The majority of them are based on the matching of labels acquired
from two data partitions. Because the normalized mutual informa-
tion (NMI) has been shown to impact the clustering ensemble per-
formance and it is easy to compute, we use it to measure the di-
versity in this paper. The lower the NMI value, the higher is the
diversity. Note that the diversity measure used in this paper do
not limit it. Let 7rp = {C.C}, - ,lep} and g = {C}. ¢}, - ,Czq} are
two base clusterings for the data set X, the NMI between them is
given by:

kP k'-]
Z ZNIJ log %
NMI(7rp, 1) = —— 2" S (10)
kp » Kq N¢
i; NP log % ,2 N{log

where N is the number of objects of the data set X; Nj; is the num-
ber of common objects of clusters C” and C;’; NP is the number of
objects in cluster Cl.p; and NY is the number of objects in cluster C]‘.’.
Then, 1 — NMI(7;, 7r;) denotes the diversity between base cluster-
ings mp and 4. In particular, given a set of base clusterings I1, the
average diversity measure between a partition (7 ¢ I1) and the
set IT is defined as:

. . 1
diversity (rp, I1) = ol > (1= NMI(ry, 71q)). (11)
| | mqell
Intuitively, the higher diversity(srp, IT) is, the more diverse of base
clustering 7, regarding the set of base partitions II.

3.3. Algorithm description

Based on the above mentioned formulations and notations, the
developed clustering ensemble selection algorithm is shown in
Algorithm 1, which is abbreviated as SIVID (Sum of Internal Va-

Algorithm 1 The SIVID algorithm.

1: Input:
2:  X: a categorical data set;
IT={m,---,my}: a set of candidate base clusterings;

S: the number of base clusterings to be selected for the en-
semble.
: Output:
[Ts(ITs < IT): the selected base clusterings.
: Construct the selected base clusterings set [1s = o;
: According to Eq. (9), compute the quality for each base cluster-
ing;
7: mr = argmax quality (7t );
mell
8: Update I1s = IIgJ{m} and IT = T — {m; };
9: repeat
10:  According to Eq. (11), compute the diversity of base cluster-
ings m,; € IT with respect to the set of the selected base par-

titions ITg;
11: 7 = argmax|[quality () * diversity (7, Is)];
mell

12.  Update ITg = g J{m:} and T =TT — {7;};
13: until |T1g| = S;
14: return ITs.

lidity Indices with Diversity). In this algorithm, the sum of the in-
dividual internal validity indices is firstly calculated for each base
partition, and the base partition with the highest value is selected
for the ensemble. Then, the base partitions with the highest clus-
tering quality and diversity with respect to the set of the selected

Table 1

Characteristics of the categorical data sets.
Data sets # objects  # attributes  # classes
Z00 101 17 7
promoter 106 58 2
hayes 160 5 3
dermatology 366 35 3
vote 435 17 2
balance 625 5 2
breastcancer 699 10 2
krvskp 3196 37 2
mushroom 5644 23 2
nursery 12,960 8 3
basehock 1993 4862 2
pcmac 1943 3289 2

base partitions is iteratively selected, until the desired number of
partitions is satisfied.

The computational complexity of the SIVID algorithm has two
factors, the computation of quality and the computation of di-
versity. Suppose that the most computation requirements for in-
validity indices are O(Imax), and the computation of the quality
of each base partition is O(vMIlnax), Where v =5 stands for the
number of internal validity indices, M is the number of the base
partitions. Then, the complexity of diversity computation needs
O(M?). Therefore, the total time complexity of the SIVID algorithm
is O(UMImax + M?).

4. Experimental analysis

This section presents the effectiveness and robustness evalu-
ation of the proposed algorithm over 12 real-world data sets in
terms of some benchmark evaluation criteria.

4.1. Data sets

The characteristics of the categorical data sets are shown in
Table 1. The first ten data sets are downloaded from the UCI ma-
chine learning repository [44]. The last two data sets are text data,
which are from website! and have been used earlier to evaluate
feature selection algorithms. Note that all these data sets are la-
beled and contain supervised class information. However, the class
labels were not used in the processes of clustering or ensemble
selection and only used in evaluating the final clustering results.

4.2. Evaluation criteria

In order to give comprehensive results, three popular external
criteria are used to evaluate the effectiveness of the clustering al-
gorithms. They are Clustering Accuracy (CA), Adjusted Rand Index
(ARI), and Normalized Mutual Information (NMI), which measure
the agreement of the clustering results produced by an algorithm
and the ground truth.

Suppose that C = {c1, ¢z, -, ¢} and P = {py, pa.--- . Py} repre-
sent the clustering results and pre-defined classes of the data set
with N objects, respectively. k and k' are the number of clusters C
and classes P; N; ; is the number of common objects of cluster ;
and pre-defined class p;; Nf is the number of data points in cluster
¢; ; and N]’? is the number of data points in class p;. Then the three
popular external criteria are given as follows.

o Clustering Accuracy (CA). CA measures the percentage of cor-
rectly classified data points in the clustering solution compared to

1 http://featureselection.asu.edu/old/datasets.php
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pre-defined class labels. The CA is defined as:

k K

CA— X ymax;_; N j
i —
o Adjusted Rand Index (ARI). ARI takes into account the number

of objects that exist in the same cluster and different clusters [45].

The ARI is defined as:

, - 4 , P
WX 2 G — 125, 6) 2L 6D
c , P c , P
TIEL G + 2L G- 125, 6H 2L G
o Normalized Mutual Information (NMI). This is one of the com-
mon external clustering validation metrics that estimate the qual-
ity of the clustering with respect to a given class labels of the data.
More formally, NMI can effectively measure the amount of statisti-
cal information shared by random variables representing the clus-
ter assignments and the pre-defined label assignments of the ob-
jects. Thus, NMI is defined and computed according to the follow-
ing formula:

(12)

ARI =

(13)

k K NN
izt 2j—1 Nijloggeys
i

N¢ / NP ’
T N logl N logh

The maximum value of the three external criteria is 1. If the
clustering result is close to the true class distribution, then the val-
ues of them are high. The higher the values of the three measures
for a clustering result, the better the clustering performance is.

NMI = (14)

4.3. Experimental setups

To fully investigate the performance of the proposed SIVID al-
gorithm, it is compared with a number of cluster ensemble algo-
rithms, both the full clustering ensemble algorithm and the state-
of-the-art clustering ensemble selection algorithms developed in
the literature. Details of these compared algorithms are described
in the following.

e Full clustering ensemble algorithm (Full): The final consensus
solution is obtained by a consensus function based on all the
base clusterings.

o Random selection algorithm (RS): This algorithm randomly se-
lects part of the base clusterings to form the final results.
Cluster and selection algorithm (CAS) [22]: This algorithm
firstly partitions the clustering solutions into similar groups
using spectral clustering algorithm, and then selects only one
clustering solution with the highest quality from each group to
form the ensemble.
Adaptive cluster ensemble selection algorithm (ACES) [23]: This
algorithm firstly generates a diverse set of solutions and com-
bines them into a consensus partition P*. Based on the diversity
between the ensemble members and P*, a subset of base clus-
terings is selected and combined to obtain the final clustering
results.

Selective spectral clustering ensemble (SELSCE) [28]: In this al-

gorithm, after the generation of base clusterings, the bagging

technique was used to rank and assess the base clusterings.

Based on this ranking, ensemble members were selected for en-

semble. In this algorithm, we set the Iteration T = 10.

Hybrid clustering solution selection strategy (HCSS) [25]: This

algorithm views clustering solution selection as feature selec-

tion problem. Based on four different feature selection ap-
proaches, a hybrid clustering solution selection strategy is de-
signed to identify suitable clustering solutions.

Other related setups of experimental analysis are described in
the following.

« For generating the base clusterings, the k-modes clustering and
simply random partition algorithms are performed. For these
two algorithms, the number of clusters k are different, which
are selected in the range of {2,+/N}, where N is the number
of objects. For the k-modes algorithm, the initial cluster centers
are different.

In the aggregation of base clustering results, two types of con-
sensus functions will be used in our experiments: the co-
association similarities based consensus functions [46] and the
graph based consensus functions. The first type firstly con-
structs an N x N similarity matrix between each pair of objects,
which is been computed based on the number of objects shared
in the base partitions. Next, based on this co-association simi-
larity, three agglomerative clustering methods, namely single-
link (SL), complete-link (AL), and average-link (CL) [3] are used
to generate the final partition. In the second type, the three
consensus methods: Cluster-based Similarity Partitioning Algo-
rithm (CSPA), the Hyper-Graph Partitioning Algorithm (HGPA),
and the Meta-CLustering Algorithm (MCLA) [43] are used in our
experiments.

In all the experiments, we set the size of base clustering M =
50. Unless otherwise mentioned, the size of selected base clus-
terings is set to 25.

The reported experimental results are the average values with
20 runs.

The proposed algorithm and the compared algorithms were im-
plemented in the MATLAB computing environment and all ex-
periments were conducted on a workstation with Intel Xeon
CPU E5-2650@2.60 GHz and 128 GB RAM.

Therefore, the combinations of two methods for generating the
base clusterings, seven clustering ensemble selection algorithms
and six consensus functions result in 84 kinds of ensemble clus-
tering results.

4.4. Results on effectiveness analysis

In this subsection, we focus on the clustering performance of
different clustering ensemble selection algorithms on above men-
tioned 12 data sets with three evaluation criteria. In particular, the
results of 50% base clusterings subset are presented, and the re-
lated statistical tests are carried out.

Tables 2-7, show the experiment results. For each data set, the
rank values of different ensemble selection algorithms are calcu-
lated. It ranks the algorithms for each data set separately, the best
performing algorithm getting the rank of 1, the second best rank 2.
.., as shown in the parentheses. When the evaluation indices are
tied, the average ranks are assigned. Based on the performances on
different data sets, the average ranks of each ensemble selection
algorithm with the same consensus function are calculated in the
bottom. In addition, the values of the best performance for each
data set are highlighted in boldface. Firstly, the clustering accu-
racies (CA) and ranks for different algorithms with different base
clusterings generation methods are listed in Tables 2-3. Accord-
ing to the average ranks, we find that the SIVID algorithm always
outperforms other algorithms with two different base clusterings
generation algorithms. However, the clustering results using the
simply random partition algorithm generating base clusterings are
poorer than those with the k-modes clustering algorithm generat-
ing base clusterings. That is because the quality of base clusterings
using the simply random partition algorithm is low. From Table 2,
the SIVID algorithm achieves the best performance on nine of the
twelve data sets with SL, CL and AL consensus functions. Using the
CSPA consensus function, the SIVID algorithm obtains the best per-
formance on eight of the twelve data sets. This superiority is more
evident for the mushroom data sets. In addition, these results in-



Table 2
Results of CA values for the compared algorithms using the k-modes clustering algorithm generating base clusterings.

Data sets SL CL

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.8936(1)  0.8327(3.5) 0.8287(6) 0.8317(5) 0.8327(3.5) 0.8153(7) 0.8351(2) 0.8955(3) 0.9054(1.5)  0.8911(5) 0.8871(6) 0.9054(1.5)  0.8441(7) 0.8916(4)
promoter 0.5108(2) 0.5104(3.5) 0.5094(5.5)  0.5104(3.5) 0.5132(1) 0.5038(7) 0.5094(5.5)  0.5904(5) 0.6505(1) 0.5962(4) 0.5986(3) 0.5863(6) 0.5198(7) 0.6104(2)
hayes 0.4263(1) 0.4253(2) 0.4244(4) 0.4216(5) 0.4247(3) 0.4203(6) 0.4200(7) 0.4456(1)  0.4319(7) 0.4444(2) 0.4434(3) 0.4413(4) 0.4350(6) 0.4391(5)
dermatology 0.5275(1) 0.5046(2.5)  0.5029(4) 0.4602(5) 0.5046(2.5)  0.4038(7) 0.4499(6) 0.7846(1) 0.7743(2.5) 0.6623(7) 0.7142(4) 0.7743(2.5) 0.6847(5) 0.6839(6)
vote 0.6386(1)  0.6144(6) 0.6151(2) 0.6147(4) 0.6143(7) 0.6146(5) 0.6148(3) 0.8307(1) 0.7379(2) 0.7253(4) 0.6423(5) 0.7285(3) 0.6346(7) 0.6416(6)
balance 0.466(1) 0.4634(4) 0.4634(4) 0.4636(2) 0.4632(6.5)  0.4632(6.5)  0.4634(4) 0.5044(2)  0.5126(1) 0.5006(5) 0.4862(7) 0.4962(6) 0.5009(4)  0.5034(3)
breastcancer 0.6849(1)  0.6568(2) 0.6565(5.5)  0.6567(3) 0.6566(4) 0.6563(7) 0.6565(5.5)  0.8448(1) 0.8301(2) 0.7374(4) 0.7986(3) 0.7300(6) 0.7366(5) 0.7271(7)
krvskp 0.5224(1)  0.5222(5.5)  0.5222(5.5)  0.5223(2.5) 0.5222(5.5) 0.5223(2.5) 0.5222(5.5) 0.5391(1) 0.5339(2) 0.5243(7) 0.5259(6) 0.5278(5) 0.5329(3) 0.5328(4)
mushroom 0.7348(1)  0.6887(3) 0.6584(6) 0.6908(2) 0.6325(7) 0.6753(4) 0.6585(5) 0.6935(1) 0.6363(6) 0.6691(2) 0.6625(3) 0.6339(7) 0.6488(4)  0.6411(5)
nursery 0.3488(1)  0.3353(3) 0.3335(5.5) 0.3335(5.5) 0.3335(5.5) 0.3335(5.5) 0.3363(2) 0.3809(1) 0.3437(3) 0.3385(7) 0.3423(4) 0.3405(6) 0.3453(2) 0.3419(5)
basehock 0.5013(4) 0.5013(4) 0.5013(4) 0.5013(4) 0.5013(4) 0.5013(4) 0.5013(4) 0.5790(1) 0.5615(2.5) 0.5615(2.5)  0.5013(7) 0.5063(6) 0.5108(5) 0.5238(4)
pcmac 0.5059(4) 0.5059(4) 0.5059(4) 0.5059(4) 0.5059(4) 0.5059(4) 0.5059(4) 0.5404(1)  0.5340(3) 0.5147(6) 0.5129(7) 0.5211(5) 0.5362(2) 0.5239(4)
average ranks 1.58 3.58 4.67 3.79 4.46 5.46 4.46 158 2.79 4.63 4.83 4.83 4.75 4.58
Data sets AL CSPA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
z00 0.9010(1) 0.8847(2.5) 0.8762(6) 0.8827(4) 0.8847(2.5) 0.8510(7) 0.8817(5) 0.8404(2) 0.8213(6.5) 0.8307(5) 0.8431(1) 0.8213(6.5) 0.8371(3) 0.8347(4)
promoter 0.6694(1)  0.6344(5) 0.5910(6) 0.6637(2) 0.6368(4) 0.5797(7) 0.6425(3) 0.6755(1) 0.6057(5) 0.5868(6) 0.6458(2) 0.6377(4) 0.5594(7) 0.6392(3)
hayes 0.4463(1)  0.4272(6) 0.4334(5) 0.4347(3.5) 0.4347(3.5) 0.4375(2) 0.4266(7) 0.4344(1)  0.4197(6) 0.4184(7) 0.4234(5) 0.4291(2) 0.4263(3) 0.4250(4)
dermatology 0.7939(1)  0.7799(4.5)  0.7735(7) 0.7825(3) 0.7799(4.5)  0.7758(6) 0.7896(2) 0.8169(1) 0.8094(2.5)  0.8016(6) 0.8056(5) 0.8094(2.5)  0.7813(7) 0.8064(4)
vote 0.8668(1)  0.8490(4.5)  0.8490(4.5)  0.8482(6) 0.8474(7) 0.8580(2) 0.8513(3) 0.8526(2) 0.8492(4) 0.8531(1) 0.8508(3) 0.8487(5) 0.8256(7) 0.8453(6)
balance 0.5692(1)  0.5398(4.5)  0.5398(4.5)  0.5307(7) 0.5418(3) 0.5327(6) 0.5511(2) 0.5694(2) 0.5637(3) 0.5500(7) 0.5510(6) 0.5719(1) 0.5512(5) 0.5615(4)
breastcancer 0.9547(1) 0.9481(4) 0.9484(3) 0.9489(2) 0.9396(7) 0.9413(6) 0.9476(5) 0.8328(1) 0.8247(2) 0.8212(5) 0.8240(4) 0.8166(6) 0.8024(7) 0.8246(3)
krvskp 0.5961(2) 0.5983(1) 0.5769(5) 0.5757(6) 0.5646(7) 0.5878(3) 0.5824(4) 0.5442(1)  0.5299(6) 0.5396(2) 0.5350(5) 0.5254(7) 0.5364(4)  0.5371(3)
mushroom 0.8579(1) 0.8284(6) 0.8521(2) 0.8288(5) 0.8068(7) 0.8340(4) 0.8344(3) 0.7686(1) 0.6938(4) 0.6858(5) 0.7231(3) 0.7342(2) 0.6633(7) 0.6752(6)
nursery 0.5941(1) 0.5070(3) 0.4685(7) 0.5448(2) 0.4742(6) 0.4827(4) 0.4769(5) 0.5720(2) 0.6215(1) 0.4182(7) 0.5192(5) 0.5197(4) 0.5201(3) 0.4338(6)
basehock 0.5013(5) 0.5314(1.5) 0.5314(1.5) 0.5013(5) 0.5013(5) 0.5013(5) 0.5013(5) 0.5826(1) 0.5519(2) 0.5514(3) 0.5444(5) 0.5013(7) 0.5365(6) 0.5507(4)
pcmac 0.5154(2) 0.5118(4) 0.5059(6) 0.5057(7) 0.5160(1) 0.5061(5) 0.5142(3) 0.5733(1) 0.5548(2) 0.5538(3) 0.5378(4) 0.5319(6) 0.5259(7) 0.5357(5)
average ranks 1.50 3.88 4.79 4.38 4.79 4.75 3.92 133 3.67 4.75 4.00 442 5.50 433
Data sets HGPA MCLA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.8636(1)  0.8604(2.5)  0.851(5) 0.8525(4) 0.8604(2.5)  0.8406(7) 0.8495(6) 0.8738(1) 0.8733(2.5) 0.8658(4) 0.8564(5) 0.8733(2.5) 0.8059(7) 0.8475(6)
promoter 0.7476(2) 0.7575(1) 0.733(4) 0.7434(3) 0.7042(5) 0.6627(7) 0.6868(6) 0.7726(1) 0.7613(2) 0.6995(4) 0.7071(3) 0.6745(6) 0.6156(7) 0.6840(5)
hayes 0.4422(2) 0.4381(5) 0.4388(3) 0.4369(7) 0.4384(4) 0.4428(1) 0.4375(6) 0.4300(2) 0.4225(6) 0.4288(3) 0.4247(5) 0.4378(1) 0.4275(4) 0.4219(7)
dermatology 0.8308(2) 0.8089(7) 0.8119(6) 0.8411(1) 0.8179(4) 0.8128(5) 0.8238(3) 0.8616(1) 0.8317(2) 0.8306(4) 0.7988(6) 0.8316(3) 0.7332(7) 0.8270(5)
vote 0.8851(1) 0.8759(2) 0.8679(7) 0.8713(5) 0.8757(3) 0.8746(4) 0.8691(6) 0.8587(1) 0.8505(7) 0.8538(3) 0.8515(5) 0.8513(6) 0.8531(4) 0.8545(2)
balance 0.5362(1)  0.5353(2) 0.5264(7) 0.5273(6) 0.5299(5) 0.5316(4) 0.5340(3) 0.5564(2) 0.5610(1) 0.5450(5) 0.5484(4) 0.5530(3) 0.5367(7) 0.5434(6)
breastcancer 0.8655(2) 0.8682(1) 0.8499(6) 0.8541(4) 0.8512(5) 0.8642(3) 0.8479(7) 0.9416(1) 0.9174(3) 0.9247(2) 0.9092(4.5)  0.8829(6) 0.8663(7)  0.9092(4.5)
krvskp 0.5527(1) 0.5229(7) 0.5240(3) 0.5231(6) 0.5236(4) 0.5270(2) 0.5232(5) 0.5396(1) 0.5224(7) 0.5255(6) 0.5263(5) 0.5267(4) 0.5353(2) 0.5274(3)
mushroom 0.6848(2)  0.6296(7) 0.6754(4) 0.6928(1) 0.6427(6) 0.6823(3) 0.6490(5) 0.6988(5) 0.6960(6) 0.7342(2) 0.7256(3) 0.7020(4) 0.7458(1) 0.6095(7)
nursery 0.4638(4) 0.4477(6) 0.4571(5) 0.4093(7) 0.4807(3) 0.5110(1) 0.5010(2) 0.4233(5) 0.4815(2) 0.4716(3) 0.3939(7) 0.4150(6) 0.5225(1)  0.4352(4)
basehock 0.5677(2) 0.5502(4) 0.5492(6) 0.5585(3) 0.5499(5) 0.5780(1) 0.5421(7) 0.5544(1)  0.5512(3) 0.5211(5) 0.5519(2) 0.5013(7) 0.5283(4) 0.5178(6)
pcmac 0.5772(1) 0.5628(2) 0.5306(5) 0.5247(6) 0.5440(3) 0.5208(7) 0.5407(4) 0.5318(3) 0.5257(6) 0.5299(4) 0.5260(5) 0.5340(2) 0.5353(1) 0.5216(7)
average ranks 1.75 3.88 5.08 4.42 413 3.75 5.00 2.00 3.96 3.75 4.54 4.21 4.33 5.21
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Table 3

Results of CA values for the compared algorithms using the simply random partition algorithm generating base clusterings.

Data sets SL CL

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.4792(1) 0.4356(5) 0.4406(3) 0.4307(6.5)  0.4406(3) 0.4406(3) 0.4307(6.5)  0.4284(1) 0.4158(4.5)  0.4208(3) 0.4257(2) 0.4158(4.5)  0.4109(6) 0.4059(7)
promoter 0.5143(1) 0.5047(7) 0.5094(4) 0.5094(4) 0.5094(4) 0.5094(4) 0.5094(4) 0.5368(3) 0.5472(1) 0.5189(7) 0.5377(2) 0.5330(4.5)  0.5283(6) 0.5330(4.5)
hayes 0.4188(1) 0.4125(6) 0.4125(6) 0.4156(3) 0.4125(6) 0.4156(3) 0.4156(3) 0.4406(4.5) 0.4219(6.5)  0.4656(1) 0.4531(3) 0.4406(4.5) 0.4219(6.5)  0.4594(2)
dermatology 0.3177(1) 0.3169(2.5)  0.3128(7) 0.3156(4.5)  0.3142(6) 0.3156(4.5)  0.3169(2.5)  0.3087(5.5)  0.3115(3.5) 0.306(7) 0.3115(3.5) 0.3169(1) 0.3087(5.5)  0.3142(2)
vote 0.6179(1) 0.6161(2) 0.6138(6) 0.6138(6) 0.6149(3.5)  0.6138(6) 0.6149(3.5)  0.6138(4) 0.6138(4) 0.6138(4) 0.6138(4) 0.6138(4) 0.6138(4) 0.6138(4)
balance 0.4667(1) 0.4624(7) 0.4632(5) 0.4632(5) 0.4632(5) 0.4640(2.5) 0.4640(2.5) 0.4984(1) 0.4736(5.5)  0.4728(7) 0.4768(4) 0.4736(5.5)  0.4816(2) 0.4792(3)
breastcancer 0.6558(4) 0.6559(2.5)  0.6559(2.5) 0.6567(1) 0.6552(6) 0.6552(6) 0.6552(6) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4)
krvskp 0.5225(1) 0.5224(3) 0.5224(3) 0.5222(6) 0.5224(3) 0.5222(6) 0.5222(6) 0.5225(1.5) 0.5222(5.5) 0.5222(5.5) 0.5222(5.5) 0.5222(5.5) 0.5225(1.5) 0.5224(3)
mushroom 0.6184(1) 0.6180(5.5)  0.6180(5.5)  0.6182(2) 0.6181(3) 0.6180(5.5)  0.6180(5.5)  0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4)
nursery 0.3363(1) 0.3335(4.5) 0.3335(4.5) 0.3335(4.5) 0.3335(4.5) 0.3335(4.5) 0.3335(4.5) 0.3381(1) 0.3349(6) 0.3371(2) 0.3344(7) 0.335(5) 0.3355(4) 0.3367(3)
basehock 0.5118(1) 0.5015(3) 0.5013(5.5)  0.5013(5.5)  0.5018(2) 0.5013(5.5)  0.5013(5.5)  0.5103(1) 0.5043(3) 0.5080(2) 0.5028(4) 0.5023(5.5)  0.5013(7) 0.5023(5.5)
pcmac 0.5057(2.5)  0.5054(6) 0.5057(2.5)  0.5054(6) 0.5054(6) 0.5057(2.5)  0.5057(2.5) 0.5067(4) 0.5054(6.5)  0.5054(6.5)  0.5093(2) 0.5062(5) 0.5080(3) 0.5134(1)
average ranks 138 4.50 4.54 4.50 4.33 442 4.33 2.88 4.50 442 3.75 4.42 4.46 3.58
Data sets AL CSPA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.4389(2) 0.4208(4.5) 0.4208(4.5) 0.4109(6.5) 0.4109(6.5)  0.4356(3) 0.4406(1) 0.4109(5) 0.4257(2) 0.4059(6.5) 0.4158(3.5)  0.4158(3.5)  0.4059(6.5) 0.4307(1)
promoter 0.5630(2) 0.5283(4) 0.5189(6.5)  0.5236(5) 0.5189(6.5)  0.5660(1) 0.5519(3) 0.5887(1) 0.5472(4.5)  0.5472(4.5)  0.5708(3) 0.5283(6) 0.5755(2) 0.5142(7)
hayes 0.4438(3) 0.4406(4.5)  0.4188(7) 0.4563(1.5) 0.4406(4.5) 0.4563(1.5) 0.4219(6) 0.4500(1) 0.4469(2.5)  0.4188(7) 0.4375(6) 0.4469(2.5)  0.4438(4) 0.4406(5)
dermatology 0.3187(2) 0.3101(5.5)  0.306(7) 0.3115(4) 0.3101(5.5)  0.3197(1) 0.3128(3) 0.316(1) 0.3142(2) 0.3115(4) 0.3074(7) 0.3087(6) 0.3115(4) 0.3115(4)
vote 0.6793(1) 0.6138(3.5)  0.5614(7) 0.6138(3.5)  0.6133(6) 0.6138(3.5)  0.6138(3.5)  0.6793(1) 0.6138(4.5) 0.6138(4.5) 0.6038(7) 0.6138(4.5)  0.6238(2) 0.6138(4.5)
balance 0.4963(1) 0.4904(2.5)  0.4784(6) 0.4776(7) 0.4832(5) 0.4848(4) 0.4904(2.5)  0.4974(1) 0.4840(4) 0.4800(5) 0.4968(2) 0.4728(7) 0.4944(3) 0.4760(6)
breastcancer 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4)
krvskp 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4)
mushroom 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4)
nursery 0.3588(1) 0.3392(4) 0.3405(2) 0.3387(5) 0.3374(6) 0.3401(3) 0.3369(7) 0.3566(1) 0.3339(7) 0.3363(3) 0.3343(6) 0.3344(5) 0.3349(4) 0.3377(2)
basehock 0.5148(2) 0.5065(5) 0.5073(4) 0.5048(7) 0.5063(6) 0.5088(3) 0.5163(1) 0.5076(1) 0.5033(6) 0.5045(5) 0.5023(7) 0.5068(2) 0.5053(4) 0.5063(3)
pcmac 0.5275(1) 0.5211(3) 0.5268(2) 0.5144(5) 0.5095(7) 0.5201(4) 0.5103(6) 0.5278(1) 0.5178(6) 0.5237(4) 0.5198(5) 0.5108(7) 0.5247(2) 0.5242(3)
average ranks ~ 2.25 4,04 4.83 4.71 5.42 3.00 3.75 2.08 421 4.63 4.88 4,63 3.63 3.96
Data sets HGPA MCLA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
200 0.4356(1.5) 0.4257(3) 0.4109(5.5)  0.4158(4) 0.4059(7) 0.4356(1.5) 0.4109(5.5)  0.4307(2) 0.4109(6.5)  0.4158(4.5) 0.4356(1) 0.4257(3) 0.4158(4.5)  0.4109(6.5)
promoter 0.5717(2) 0.5094(7) 0.5472(4) 0.5330(5) 0.5519(3) 0.5755(1) 0.5283(6) 0.5755(2) 0.5802(1) 0.5613(3) 0.5283(6) 0.5330(5) 0.5377(4) 0.5236(7)
hayes 0.4731(1) 0.4313(7) 0.4563(2.5)  0.4469(5) 0.4406(6) 0.4563(2.5)  0.4500(4) 0.4813(1) 0.4156(7) 0.4625(2) 0.4531(4.5) 0.4531(4.5) 0.4500(6) 0.4563(3)
dermatology 0.3208(1) 0.3169(2) 0.3156(3) 0.3074(6.5)  0.3074(6.5)  0.3128(5) 0.3142(4) 0.3160(1) 0.3060(7) 0.3142(3.5)  0.3142(3.5)  0.3128(6) 0.3142(3.5)  0.3142(3.5)
vote 0.6379(1) 0.6138(3.5)  0.6138(3.5)  0.6038(7) 0.6138(3.5)  0.6114(6) 0.6138(3.5)  0.6793(1) 0.6138(4.5)  0.6138(4.5)  0.5793(7) 0.6138(4.5)  0.6179(2) 0.6138(4.5)
balance 0.4967(1) 0.4920(3) 0.4880(4) 0.4776(6) 0.4936(2) 0.4736(7) 0.4800(5) 0.5736(1) 0.4672(7) 0.4816(5) 0.4944(4) 0.5016(3) 0.5032(2) 0.4720(6)
breastcancer 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4) 0.6552(4)
krvskp 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4) 0.5222(4)
mushroom 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4) 0.6180(4)
nursery 0.4691(1) 0.4622(4) 0.4622(4) 0.4622(4) 0.4219(7) 0.4622(4) 0.4622(4) 0.3698(1) 0.3402(2) 0.3394(4) 0.3378(7) 0.3386(5) 0.3385(6) 0.3401(3)
basehock 0.5054(4) 0.5090(3) 0.5093(2) 0.5153(1) 0.5013(6.5)  0.5053(5) 0.5013(6.5)  0.5179(1) 0.5060(6) 0.5161(3) 0.5143(4) 0.5028(7) 0.5178(2) 0.5073(5)
pcmac 0.5154(1) 0.5054(7) 0.5106(3) 0.5106(3) 0.5059(6) 0.5106(3) 0.5098(5) 0.5144(1) 0.5054(6) 0.5080(3.5)  0.5139(2) 0.5054(6) 0.5080(3.5)  0.5054(6)
average ranks ~ 2.13 4.29 3.63 4.46 4.96 3.92 4.63 192 4,92 3.75 425 4.67 3.79 4,71
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Table 4
Results of ARI values for the compared algorithms using the k-modes clustering algorithm generating base clusterings.

Data sets SL CL

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.8607(1) 0.6165(2.5) 0.6060(4) 0.6050(5) 0.6165(2.5) 0.5871(6) 0.5802(7) 0.7692(1) 0.6767(2.5) 0.6612(4) 0.6604(5) 0.6767(2.5)  0.5802(7) 0.6541(6)
promoter 0.0006(1) 0.0001(4) 0.0000(6.5) 0.0001(4) 0.0005(2) 0.0001(4) 0.0000(6.5) 0.0596(2) 0.1165(1) 0.0465(4) 0.0453(5) 0.0431(6) 0.0404(7) 0.0541(3)
hayes 0.0008(1) —0.0008(7) 0.0003(3.5) 0.0000(5) —0.0006(6) 0.0006(2) 0.0003(3.5) 0.0036(2) —0.0039(7) 0.0006(5) 0.0015(4) 0.0047(1) —0.0003(6) 0.0027(3)
dermatology 0.2550(1) 0.2274(3.5) 0.2340(2) 0.1672(5) 0.2274(3.5) 0.0997(7) 0.1607(6) 0.6852(1) 0.6329(2.5) 0.4628(7) 0.5435(4) 0.6329(2.5) 0.4893(6) 0.4910(5)
vote 0.0498(1) 0.0001(7) 0.0012(4) 0.0011(5) 0.0003(6) 0.0020(2) 0.0014(3) 0.463(1) 0.2614(2) 0.2375(3) 0.0478(5) 0.2341(4) 0.0181(7) 0.0469(6)
balance 0.0005(1) —0.0003(5.5) —0.0001(3) 0.0004(2) —0.0003(5.5) —0.0003(5.5) -—0.0003(5.5) 0.0039(4) 0.0111(1) 0.0044(3) 0.0022(7) 0.0053(2) 0.0035(6) 0.0036(5)
breastcancer 0.0792(1) 0.0028(2) 0.0022(5) 0.0025(3) 0.0022(5) 0.0016(7) 0.0022(5) 0.4849(1) 0.4534(2) 0.2069(4) 0.3531(3) 0.1587(7) 0.1770(5) 0.1654(6)
krvskp —-0.0001(4) -0.0001(4) —0.0005(7) —0.0003(6) —0.0001(4) 0.0000(1.5) 0.0000(1.5) 0.0066(1) 0.0039(2) —0.0002(7) 0.0004(6) 0.0012(5) 0.0027(4) 0.0037(3)
mushroom 0.2369(1) 0.1263(3) 0.0609(6) 0.1372(2) 0.0028(7) 0.0953(4) 0.0610(5) 0.1467(1) 0.0213(6) 0.0891(2) 0.0808(3) 0.0206(7) 0.0570(4) 0.0251(5)
nursery 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0122(1) 0.0005(3) 0.0001(7) 0.0003(4) 0.0002(5.5) 0.0006(2) 0.0002(5.5)
basehock 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0149(1) 0.0146(2.5)  0.0146(2.5)  0.0000(7) 0.0001(6) 0.0006(5) 0.0034(4)
pcmac 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0095(1) 0.0042(3) 0.0007(6) 0.0006(7) 0.0025(5) 0.0080(2) 0.0027(4)
average ranks  2.00 4.21 4.42 4.08 4.46 4.25 4.58 142 2.88 4.54 5.00 4.46 5.08 4.63
Data sets AL CSPA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
z00 0.8712(1) 0.6921(3.5) 0.6687(5) 0.7197(2) 0.6921(3.5) 0.6397(7) 0.6455(6) 0.4782(1) 0.4596(6.5) 0.4663(5) 0.4746(2) 0.4596(6.5) 0.4686(3) 0.4675(4)
promoter 0.1444(2) 0.1147(4) 0.0542(6) 0.1515(1) 0.1000(5) 0.0310(7) 0.1321(3) 0.1884(1) 0.0750(5) 0.0467(6) 0.1183(3) 0.1207(2) 0.0138(7) 0.1150(4)
hayes —0.0020(1) —0.0088(7) —0.0064(4) -0.0066(5) —0.0043(2) —0.0062(3) —0.0084(6) —-0.0051(1) -0.0097(6) —0.0099(7) —0.0092(5) -0.0074(2) -0.0079(3) —0.0086(4)
dermatology 0.6779(1) 0.6659(4.5) 0.6668(3) 0.6633(6) 0.6659(4.5) 0.6448(7) 0.6740(2) 0.5760(1) 0.5629(2.5) 0.5516(6) 0.5560(4) 0.5629(2.5) 0.5242(7) 0.5559(5)
vote 0.5374(1) 0.4868(5) 0.4876(4) 0.4847(6) 0.4825(7) 0.5129(2) 0.4941(3) 0.4966(4) 0.4868(6) 0.4978(2.5) 0.4913(5) 0.4855(7) 0.5050(1) 0.4978(2.5)
balance 0.0270(1) 0.0213(5) 0.0248(3) 0.018(7) 0.0251(2) 0.0209(6) 0.0232(4) 0.0363(4) 0.0410(3) 0.0322(6) 0.0352(5) 0.0486(1) 0.0320(7) 0.0412(2)
breastcancer 0.8013(3) 0.8010(4) 0.8021(2) 0.8039(1) 0.7737(7) 0.7768(6) 0.7991(5) 0.4424(1) 0.4215(2.5)  0.4133(5) 0.4203(4) 0.4032(6) 0.3721(7) 0.4215(2.5)
krvskp 0.0277(4) 0.038(1) 0.0261(5) 0.0255(6) 0.0194(7) 0.0334(2) 0.0294(3) 0.0088(1) 0.0032(6) 0.0073(2) 0.0052(5) 0.0016(7) 0.0056(3) 0.0055(4)
mushroom 0.4384(4) 0.4355(5) 0.4879(1) 0.4405(3) 0.3963(7) 0.4182(6) 0.4521(2) 0.2148(3) 0.1671(4) 0.1496(5) 0.2192(2) 0.2323(1) 0.1103(7) 0.1309(6)
nursery 0.1857(1) 0.1051(3) 0.0699(6) 0.1729(2) 0.0685(7) 0.0735(5) 0.0743(4) 0.2903(2) 0.3483(1) 0.0637(7) 0.1981(3) 0.1900(5) 0.1914(4) 0.1033(6)
basehock 0.0076(1) 0.0073(2.5) 0.0073(2.5) 0.0000(5.5) 0.0000(5.5) 0.0000(5.5) 0.0000(5.5) 0.0140(1) 0.0103(2) 0.0101(3) 0.0074(5) —0.0005(7) 0.0055(6) 0.0100(4)
pcmac 0.0077(1) 0.0004(4) 0.0000(6) 0.0000(6) 0.0011(3) 0.0000(6) 0.0024(2) 0.0137(1) 0.0115(2) 0.0111(3) 0.0063(4) 0.0054(6) 0.0042(7) 0.0059(5)
average ranks 175 4.04 3.96 4.21 5.04 5.21 3.79 175 3.88 4.79 3.92 4.42 517 4.08
Data sets HGPA MCLA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.5174(1) 0.5039(2.5) 0.4907(5) 0.4962(4) 0.5039(2.5) 0.4760(7) 0.4890(6) 0.7870(2) 0.7911(1) 0.7538(4) 0.7327(5) 0.7638(3) 0.7231(6) 0.7106(7)
promoter 0.2736(2) 0.3097(1) 0.2635(4) 0.2676(3) 0.2258(5) 0.1758(7) 0.1970(6) 0.3395(1) 0.2929(2) 0.2078(4) 0.2094(3) 0.1535(6) 0.0742(7) 0.1826(5)
hayes —0.0003(1) —0.0023(5) —0.0022(4) —0.002(3) —0.0025(6) —0.0004(2) —0.0027(7) —0.0038(1) -0.0093(7) -0.0061(3) —0.0083(5) —0.0045(2) -0.0076(4) —0.0092(6)
dermatology 0.6057(5) 0.6075(4) 0.6043(6) 0.6302(1) 0.6156(2) 0.6042(7) 0.6140(3) 0.6763(1) 0.6706(2) 0.6644(4) 0.6335(6) 0.6705(3) 0.5255(7) 0.6548(5)
vote 0.5739(1) 0.5642(2) 0.5412(7) 0.5505(5) 0.5638(3) 0.5605(4) 0.5445(6) 0.5138(1) 0.4902(7) 0.4997(3) 0.4932(5) 0.4925(6) 0.4977(4) 0.5017(2)
balance 0.0180(3) 0.0215(1) 0.0177(4) 0.0159(5) 0.0202(2) 0.0121(7) 0.0123(6) 0.0384(3) 0.0411(1) 0.0294(5) 0.0311(4) 0.0388(2) 0.0267(6) 0.0228(7)
breastcancer 0.5467(1) 0.5445(2) 0.4899(6) 0.5023(4) 0.4958(5) 0.5315(3) 0.4853(7) 0.7778(1) 0.7014(3) 0.7213(2) 0.6727(5) 0.5963(6) 0.5430(7) 0.6762(4)
krvskp 0.0025(1) 0.0008(5.5) 0.0008(5.5)  0.0005(7) 0.0010(3.5) 0.0019(2) 0.0010(3.5) 0.0071(1) 0.0010(7) 0.0019(6) 0.0021(4.5) 0.0021(4.5) 0.0050(2) 0.0024(3)
mushroom 0.1466(2) 0.0339(7) 0.1304(4) 0.1591(1) 0.0583(6) 0.1465(3) 0.0747(5) 0.2313(2) 0.1602(7) 0.2285(3) 0.2144(4) 0.1696(6) 0.2554(1) 0.2067(5)
nursery 0.1598(1) 0.0525(5) 0.0680(4) 0.0273(6) 0.0236(7) 0.1369(2) 0.1172(3) 0.3406(2) 0.2755(6) 0.3107(4) 0.3452(1) 0.3023(5) 0.1561(7) 0.3339(3)
basehock 0.0319(1) 0.0115(4) 0.0097(6) 0.0132(3) 0.0095(7) 0.0279(2) 0.0111(5) 0.0126(1) 0.0101(3) 0.0025(5) 0.0103(2) 0.0000(7) 0.0042(4) 0.0022(6)
pcmac 0.0131(2) 0.0159(1) 0.0050(5) 0.0027(6) 0.0072(4) 0.0020(7) 0.0080(3) 0.0083(1) 0.0023(6.5) 0.0033(4) 0.0023(6.5) 0.0059(3) 0.0070(2) 0.0029(5)
average ranks 175 3.33 5.04 4,00 442 442 5.04 142 4.38 3.92 4.25 4.46 4,75 483
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Table 5

Results of ARI values for the compared algorithms using the simply random partition algorithm generating base clusterings.

Data sets SL CL

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 —0.0011(1.5)  —0.0043(3.5) —0.0111(6) —-0.0221(7) —0.0043(3.5) —0.0011(1.5)  —0.0104(5) —0.0028(5) —0.005(6) 0.0007(4) 0.0119(1) 0.0028(2) 0.0021(3) —0.0244(7)
promoter 0.0003(1) —0.0004(7) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) —0.0015(5) 0.0051(1) —0.0040(6) 0.0005(2) 0.0002(3) —0.0044(7) —0.0007(4)
hayes 0.0063(1) 0.0049(4) —0.0033(7) 0.005(2.5) 0.0008(6) 0.0041(5) 0.0050(2.5) 0.0030(4) —0.0021(5) 0.0113(1) —0.0035(6) 0.004(3) —0.0106(7) 0.0062(2)
dermatology 0.0022(1) 0.0010(2) —0.0030(7) —0.0004(6) 0.0004(3) 0.0000(4) —0.0003(5) 0.0069(2) —-0.0031(7) —0.0011(5) 0.0023(3) 0.0076(1) 0.0011(4) —0.0025(6)
vote 0.0049(1) 0.0027(2) —0.0004(5.5) —0.0017(7) 0.0005(3.5) —0.0004(5.5) 0.0005(3.5) 0.0022(3) 0.006(1) —0.0123(7) —0.0049(5) —0.0105(6) 0.0026(2) —0.0032(4)
balance 0.0041(1) —0.0007(4.5) —0.0007(4.5) 0.0035(2) —0.0019(7) —0.0007(4.5) —0.0007(4.5) 0.0048(2) 0.0060(1) —0.0030(6) —0.0044(7) 0.0008(4) 0.0044(3) —0.0021(5)
breastcancer 0.0053(1) 0.0006(3) —0.0001(5) 0.0026(2) —0.0020(7) —0.0014(6) 0.0005(4) 0.0035(2) —0.0070(6) —0.0062(5) —0.0013(4) 0.0082(1) —0.0002(3) —0.0082(7)
krvskp 0.0003(1) 0.0000(3) 0.0000(3) —0.0001(6) 0.0000(3) —0.0001(6) —0.0001(6) 0.0003(1) 0.0000(3) —0.0004(6.5) —0.0004(6.5) —0.0001(5) 0.0000(3) 0.0000(3)
mushroom 0.0011(1) —0.0001(4) —0.0003(7) 0.0002(2) —0.0001(4) —0.0001(4) —0.0002(6) 0.0003(1) —0.0004(2) —0.0019(6) —0.001(4) —0.0008(3) —0.0021(7) —0.0017(5)
nursery 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4)
basehock 0.0003(1) 0.0000(4.5) 0.0000(4.5) 0.0000(4.5) 0.0000(4.5) 0.0000(4.5) 0.0000(4.5) 0.0003(1.5) 0.0000(4.5) 0.0003(1.5) 0.0000(4.5) 0.0000(4.5) —0.0002(7) 0.0000(4.5)
pcmac 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0006(1) —-0.0001(6.5) —0.0001(6.5)  0.0002(3) 0.0000(4.5) 0.0000(4.5) 0.0005(2)
average ranks 154 3.79 513 4.25 4.46 442 442 2.63 3.92 4.88 417 342 4.54 4.46
Data sets AL CSPA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.0247(1) 0.0100(3) —0.0094(7) —0.0049(6) —0.0010(5) 0.0136(2) —0.0001(4) 0.0069(4) 0.0030(7) 0.0072(3) 0.0077(2) 0.0044(6) 0.0049(5) 0.0085(1)
promoter 0.0060(3) —0.0056(4) —0.0077(7) —0.0063(5) —0.0073(6) 0.0092(2) 0.0116(1) 0.0235(1) —0.0003(5) 0.0026(4) 0.0114(3) —0.0060(6) 0.0148(2) —0.0087(7)
hayes —0.0038(5) 0.0009(3) —0.0039(6) 0.0066(2) —0.0013(4) 0.0153(1) —0.0078(7) —0.0012(3) —0.0031(4) —0.0088(7) —0.0046(6) —0.0003(1) —0.0005(2) —0.0036(5)
dermatology 0.0004(2) —0.0013(5) —0.0046(7) —0.0009(4) 0.0036(1) 0.0003(3) —0.0017(6) 0.0017(1.5) 0.0014(3) 0.0017(1.5) —0.0019(7) —0.0006(5) —0.0010(6) —0.0003(4)
vote —0.0022(4.5) —0.0021(3) —0.0111(7) —-0.0022(4.5) —0.0017(2) 0.0011(1) —0.0041(6) —0.0018(6) —0.0017(4.5)  —-0.0017(4.5)  —0.0016(3) 0.0019(1) —0.0001(2) —0.0019(7)
balance 0.0031(4) 0.0037(1.5) 0.0001(5) 0.0032(3) —0.0006(6) 0.0037(1.5) —0.0007(7) —0.0016(5.5)  0.0002(3) —0.0007(4) 0.0023(1) —0.0019(7) 0.0014(2) —0.0016(5.5)
breastcancer 0.0064(1) —0.0005(6) —0.0016(7) 0.0001(3.5) 0.0001(3.5) 0.0000(5) 0.0062(2) 0.0042(1) —0.0006(5) —0.0013(7) —0.0010(6) —0.0002(2) —0.0004(3) —0.0005(4)
krvskp 0.0002(2.5) 0.0003(1) —0.0003(6) 0.0000(5) —0.0005(7) 0.0002(2.5) 0.0001(4) —0.0001(5) —0.0003(7) 0.0001(2.5) 0.0000(4) 0.0005(1) —0.0002(6) 0.0001(2.5)
mushroom 0.0016(2) 0.0004(5) 0.0011(3) —0.0017(6) —0.0032(7) 0.0007(4) 0.0019(1) 0.0001(2) —-0.0001(5.5) —0.0001(5.5) —0.0001(5.5) 0.0002(1) 0.0000(3) —0.0001(5.5)
nursery 0.0000(4.5) 0.0000(4.5) 0.0001(1) 0.0000(4.5) 0.0000(4.5) 0.0000(4.5) 0.0000(4.5) 0.0001(1.5) 0.0000(5) 0.0000(5) 0.0000(5) 0.0000(5) 0.0000(5) 0.0001(1.5)
basehock 0.0004(2) —0.0003(5) —0.0003(5) —0.0004(7) —0.0003(5) —0.0002(3) 0.0006(1) —0.0005(6) —0.0005(6) —0.0004(3.5)  —0.0005(6) —0.0003(1.5) —0.0004(3.5) —0.0003(1.5)
pcmac 0.0025(1) 0.0013(3.5) 0.0024(2) 0.0006(5) 0.0000(6) 0.0013(3.5) —0.0001(7) 0.0001(6) 0.0009(5) 0.0018(2.5) 0.0014(4) 0.0000(7) 0.0019(1) 0.0018(2.5)
average ranks ~ 2.71 371 525 4.63 4.75 275 4.21 3.54 5.00 417 438 3.63 3.38 3.92
Data sets HGPA MCLA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.0110(2) —0.0032(5) 0.0031(4) 0.0034(3) —0.0133(7) 0.0193(1) —0.0090(6) 0.0149(2) 0.0006(5) —0.0092(7) 0.0248(1) —0.0076(6) 0.0078(3) 0.0029(4)
promoter 0.0101(2) —0.0092(7) —0.0006(4) —0.0051(5) 0.0035(3) 0.0137(1) —0.0064(6) 0.0138(2) 0.0237(1) 0.0057(3) —0.0049(5) —0.005(6) —0.0034(4) —0.0065(7)
hayes 0.0044(2) —0.0047(7) 0.0034(5) 0.0038(4) 0.0048(1) 0.0007(6) 0.0042(3) 0.009(1) —0.0097(7) 0.0051(4) 0.0064(2) —0.0008(6) 0.0052(3) 0.0027(5)
dermatology 0.0007(2) —0.0006(4) —0.0023(5) —0.0041(6) —0.0042(7) —0.0002(3) 0.0018(1) 0.0027(3) —0.0042(7) 0.0000(4) —0.0040(6) 0.0030(2) 0.0035(1) —-0.0021(5)
vote 0.0072(1) 0.0034(2) —0.0015(7) —0.0013(6) —0.0010(4.5)  0.0008(3) —0.0010(4.5)  0.0015(3) —0.0021(6.5)  —0.0017(5) 0.0042(1) 0.0037(2) 0.0011(4) —0.0021(6.5)
balance —0.0002(4) 0.0025(1) 0.0006(3) —0.0009(6) 0.0023(2) —0.0015(7) —0.0004(5) 0.0138(1) 0.0021(3) 0.0006(4) —0.0001(5) —0.0002(6) 0.0132(2) —0.0036(7)
breastcancer 0.0041(2) —0.0005(6) —0.0004(5) 0.0003(3.5) —0.0013(7) 0.0003(3.5) 0.0065(1) 0.0024(1) 0.0021(2) —0.0013(6) —0.0026(7) —0.0012(5) 0.0007(3) —0.0005(4)
krvskp —0.0003(5.5) —0.0002(2.5) —0.0003(5.5) 0.0000(1) —0.0003(5.5) —0.0003(5.5) —0.0002(2.5) 0.0003(1) —0.0003(5) —0.0002(2.,5) —0.0002(2.5) —0.0003(5) —0.0003(5) —0.0005(7)
mushroom —0.0002(4) —0.0002(4) —0.0002(4) —0.0002(4) —0.0002(4) —0.0002(4) —0.0002(4) 0.0006(2) —0.0016(7) —0.0001(5) 0.0001(3) 0.0009(1) 0.0000(4) —0.0007(6)
nursery 0.0547(2) 0.0550(1) 0.0543(6) 0.0546(3.5) 0.0545(5) 0.0546(3.5) 0.0542(7) 0.0004(1) 0.0000(4.5) 0.0000(4.5) —0.0001(7) 0.0000(4.5) 0.0000(4.5) 0.0001(2)
basehock 0.0005(1) 0.0000(4) 0.0001(3) 0.0004(2) —0.0005(6.5)  —0.0004(5) —0.0005(6.5)  0.0003(3.5) —0.0003(5.5) 0.0007(2) 0.0003(3.5) —0.0005(7) 0.0009(1) —0.0003(5.5)
pcmac 0.0005(1) —0.0005(7) 0.0000(2.5) 0.0000(2.5) —0.0004(6) —-0.0001(4.5) —0.0001(4.5) 0.0006(1) —0.0005(6) —0.0003(3.5)  0.0005(2) —0.0005(6) —0.0003(3.5) —0.0005(6)
average ranks  2.38 421 4.50 3.88 4.88 3.92 4.25 179 4.96 421 3.75 4.71 317 5.42
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Table 6
Results of NMI values for the compared algorithms using the k-modes clustering algorithm generating base clusterings.

Data sets SL CL

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.8665(1) 0.7703(2.5)  0.7627(6) 0.7652(4) 0.7703(2.5)  0.7514(7) 0.7634(5) 0.8447(1) 0.8192(2.5)  0.8081(5) 0.8030(6) 0.8192(2.5) 0.7611(7) 0.8121(4)
promoter 0.0369(2) 0.0360(4) 0.0342(6) 0.0360(4) 0.0407(1) 0.0360(4) 0.0334(7) 0.0801(2) 0.1335(1) 0.0643(6) 0.0792(3) 0.0675(5) 0.0507(7)  0.0784(4)
hayes 0.6053(1) 0.0546(5) 0.0604(2) 0.0549(4) 0.0551(3) 0.0542(6) 0.0525(7) 0.0165(1) 0.0067(7) 0.0140(4) 0.0142(3) 0.0145(2) 0.0093(6)  0.0119(5)
dermatology 0.5273(1) 0.4910(2.5) 0.4779(4) 0.402(5) 0.4910(2.5)  0.2779(7) 0.3688(6) 0.7351(1) 0.7242(2.5)  0.6115(6) 0.6694(4) 0.7242(2.5)  0.5862(7)  0.6192(5)
vote 0.0567(1) 0.0115(5) 0.0150(2) 0.0120(4) 0.0100(6) 0.0087(7) 0.0126(3) 0.4078(1) 0.2464(2) 0.2189(4) 0.0775(6) 0.2296(3) 0.0732(7)  0.0902(5)
balance 0.0194(2) 0.0184(6.5) 0.0189(5) 0.0219(1) 0.0192(3) 0.0184(6.5) 0.0190(4) 0.0294(1) 0.0212(5) 0.0250(3) 0.0276(2) 0.0176(6) 0.0161(7) 0.0222(4)
breastcancer 0.0813(1) 0.0192(2) 0.0168(6) 0.0182(3) 0.0175(4) 0.0155(7) 0.0172(5) 0.4435(1) 0.4089(2) 0.2270(4) 0.3287(3) 0.1991(6) 0.2182(5) 0.1883(7)
krvskp 0.0057(1) 0.0046(7) 0.0048(4.5)  0.0052(3) 0.0053(2) 0.0048(4.5)  0.0047(6) 0.0115(5) 0.0207(1) 0.0085(6) 0.0068(7) 0.0150(4) 0.0158(2) 0.0155(3)
mushroom 0.2554(1) 0.2394(2) 0.1745(6) 0.2229(3) 0.1181(7) 0.2077(4) 0.1771(5) 0.1657(1) 0.0746(6) 0.1505(2) 0.1151(3) 0.0614(7) 0.0826(5)  0.0932(4)
nursery 0.0037(1) 0.0036(3.5)  0.0036(3.5)  0.0034(6) 0.0036(3.5)  0.0029(7) 0.0036(3.5)  0.0176(2) 0.0190(1) 0.0123(7) 0.0155(5) 0.0173(3) 0.0149(6)  0.0172(4)
basehock 0.0094(1) 0.0063(4.5) 0.0063(4.5) 0.0063(4.5) 0.0063(4.5) 0.0063(4.5) 0.0063(4.5) 0.0264(2) 0.0111(5.5) 0.0111(5.5) 0.0063(7) 0.0298(1) 0.0161(3) 0.0157(4)
pcmac 0.0095(1) 0.0066(4.5) 0.0066(4.5) 0.0066(4.5) 0.0066(4.5) 0.0066(4.5) 0.0066(4.5) 0.0149(1) 0.0035(5) 0.0009(7) 0.0039(4) 0.0147(2) 0.0110(3) 0.0031(6)
average ranks  1.17 4.08 4.50 3.83 3.63 5.75 5.04 158 3.38 4.96 4.42 3.67 5.42 4.58
Data sets AL CSPA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
z00 0.8748(1) 0.8150(3.5)  0.8072(5) 0.8178(2) 0.8150(3.5)  0.7830(7) 0.8040(6) 0.7099(1) 0.6994(5.5)  0.7049(4) 0.7097(2) 0.6994(5.5) 0.6990(7)  0.7052(3)
promoter 0.1540(1) 0.1239(4) 0.0612(6) 0.1327(2) 0.0992(5) 0.0416(7) 0.1262(3) 0.1545(1) 0.0636(5) 0.0419(6) 0.0964(3) 0.0986(2) 0.0169(7) 0.0939(4)
hayes 0.0105(1) 0.0033(7) 0.0057(5) 0.0062(3.5)  0.0074(2) 0.0062(3.5)  0.0039(6) 0.0066(1) 0.0022(6) 0.0021(7) 0.0027(5) 0.0043(2) 0.0036(3)  0.0032(4)
dermatology 0.7894(1) 0.7769(2.5)  0.7746(4) 0.7644(6) 0.7769(2.5)  0.7333(7) 0.7690(5) 0.6891(1) 0.6535(2.5)  0.6394(6) 0.6451(5) 0.6535(2.5) 0.6094(7)  0.6452(4)
vote 0.4587(1) 0.4191(7) 0.4226(5) 0.4256(4) 0.4201(6) 0.4428(2) 0.4316(3) 0.4500(2) 0.4388(5) 0.4512(1) 0.4437(4) 0.4373(6) 0.4459(3)  0.4226(7)
balance 0.0278(2) 0.0277(3) 0.0268(4.5)  0.0222(7) 0.0311(1) 0.0268(4.5)  0.0239(6) 0.0215(5) 0.035(2) 0.0282(4) 0.0306(3) 0.0415(1) 0.0211(6) 0.0136(7)
breastcancer 0.6937(2) 0.6927(3) 0.6925(4) 0.6944(1) 0.6717(6) 0.6689(7) 0.6900(5) 0.4446(1) 0.4161(3) 0.4077(5) 0.416(4) 0.3968(6) 0.3632(7)  0.4169(2)
krvskp 0.0272(4) 0.0364(1) 0.0246(5) 0.0279(3) 0.0229(7) 0.0325(2) 0.0241(6) 0.0066(1) 0.0025(6) 0.0055(2) 0.0040(5) 0.0014(7) 0.0043(3)  0.0042(4)
mushroom 0.4833(1) 0.4323(6) 0.4662(2) 0.4342(5) 0.4120(7) 0.4357(4) 0.4378(3) 0.1975(2) 0.1425(4) 0.1256(5) 0.1872(3) 0.1991(1) 0.0920(7)  0.1093(6)
nursery 0.0201(7) 0.1181(3) 0.0822(6) 0.1807(1) 0.0854(4) 0.0835(5) 0.1524(2) 0.1931(3) 0.3654(1) 0.0597(7) 0.1980(2) 0.1845(5) 0.1864(4) 0.1076(6)
basehock 0.0094(1) 0.0087(2.5) 0.0087(2.5) 0.0063(5.5) 0.0063(5.5) 0.0063(5.5) 0.0063(5.5) 0.0075(4) 0.0078(1) 0.0076(2.5)  0.0057(5) 0.0000(7) 0.0043(6)  0.0076(2.5)
pcmac 0.0102(2) 0.0038(6.5)  0.0038(6.5)  0.0080(3) 0.0062(5) 0.0065(4) 0.0107(1) 0.0094(1) 0.0087(2) 0.0084(3) 0.0049(4) 0.0043(6) 0.0034(7)  0.0046(5)
average ranks  2.00 4.08 4.63 3.58 4.54 4.88 4.29 1.92 3.58 438 3.75 425 5.58 4.54
Data sets HGPA MCLA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.7388(1) 0.7368(2.5)  0.7200(5) 0.7267(4) 0.7368(2.5)  0.7093(7) 0.7198(6) 0.8267(2.5) 0.8267(2.5)  0.8123(5) 0.8055(6) 0.8274(1) 0.7733(7)  0.8147(4)
promoter 0.2147(4) 0.2548(1) 0.2159(3) 0.2180(2) 0.1858(5) 0.1476(7) 0.1624(6) 0.2755(1) 0.2402(2) 0.1721(4) 0.1750(3) 0.1259(6) 0.0636(7)  0.1510(5)
hayes 0.0150(1) 0.0142(2) 0.0140(3) 0.0134(6) 0.0122(7) 0.0135(5) 0.0137(4) 0.0041(2) 0.0026(7) 0.0036(4) 0.0037(3) 0.0065(1) 0.0034(5)  0.0027(6)
dermatology 0.7170(4) 0.7193(3) 0.7152(5) 0.7347(1) 0.7246(2) 0.7020(7) 0.7122(6) 0.7689(1) 0.7281(3) 0.7295(2) 0.7025(6) 0.7278(4) 0.6397(7)  0.7244(5)
vote 0.4744(3) 0.4802(1) 0.4704(5) 0.4729(4) 0.4800(2) 0.4697(6) 0.4689(7) 0.4601(1) 0.4423(7) 0.4506(3) 0.4447(6) 0.4454(5) 0.4501(4)  0.4535(2)
balance 0.0197(1.5)  0.0197(1.5) 0.0167(5) 0.0152(6) 0.0186(3) 0.0177(4) 0.0121(7) 0.0376(1) 0.0354(2) 0.0260(5) 0.0274(4) 0.0342(3) 0.0232(6)  0.0210(7)
breastcancer 0.4699(5) 0.4161(6) 0.4825(3) 0.4858(2) 0.4800(4) 0.5018(1) 0.4141(7) 0.6664(1) 0.6028(3) 0.6151(2) 0.5747(5) 0.5302(6) 0.4819(7)  0.5839(4)
krvskp 0.0010(2.5)  0.0008(5.5) 0.0008(5.5)  0.0006(7) 0.0009(4) 0.0016(1) 0.0010(2.5)  0.0053(1) 0.0009(7) 0.0016(6) 0.0018(4.5)  0.0018(4.5)  0.0039(2)  0.0020(3)
mushroom 0.1309(2) 0.0302(7) 0.1223(4) 0.1430(1) 0.0509(6) 0.1237(3) 0.0630(5) 0.1500(3) 0.1352(5) 0.1901(1) 0.1769(2) 0.1450(4) 0.1222(6) 0.1180(7)
nursery 0.1554(1) 0.0476(6) 0.0654(5) 0.0255(7) 0.1083(4) 0.1428(2) 0.1134(3) 0.3977(1) 0.3126(6) 0.3385(5) 0.3823(3) 0.3868(2) 0.1674(7) 0.3650(4)
basehock 0.0132(2) 0.0087(4) 0.0074(6) 0.0099(3) 0.0072(7) 0.0206(1) 0.0084(5) 0.0094(1) 0.0078(3) 0.0032(6) 0.0079(2) 0.0000(7) 0.0040(5)  0.0048(4)
pcmac 0.0148(1) 0.0119(2) 0.0040(5) 0.0023(6) 0.0056(4) 0.0018(7) 0.0062(3) 0.0038(4) 0.0022(7) 0.0058(2) 0.0026(6) 0.0055(3) 0.0070(1)  0.0032(5)
average ranks  2.33 3.46 4,54 4,08 4.21 4.25 513 1.63 4,54 3.75 4.21 3.88 533 4,67
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Table 7

Results of NMI values for the compared algorithms using the simply random partition algorithm generating base clusterings.

Data sets SL CL

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.1482(1) 0.1309(4) 0.1245(6) 0.1137(7) 0.1306(5) 0.1439(2) 0.1435(3) 0.1773(1) 0.1245(5) 0.1155(6) 0.1400(2) 0.1326(3) 0.1309(4) 0.1012(7)
promoter 0.0375(1) 0.0171(7) 0.0342(4) 0.0342(4) 0.0342(4) 0.0342(4) 0.0342(4) 0.0186(1) 0.0119(2) 0.0027(7) 0.0090(4) 0.0065(5) 0.0036(6) 0.0095(3)
hayes 0.066(1) 0.0565(4) 0.0403(7) 0.0567(2.5)  0.0484(5) 0.048(6) 0.0567(2.5)  0.0125(2) 0.0087(6) 0.0103(5) 0.0108(3) 0.0106(4) 0.0068(7) 0.0161(1)
dermatology 0.0617(2) 0.0614(3) 0.0539(7) 0.0597(4.5)  0.0593(6) 0.0597(4.5)  0.0656(1) 0.0288(1.5) 0.0288(1.5) 0.0251(3) 0.0212(5) 0.0250(4) 0.0201(6) 0.0181(7)
vote 0.0146(4) 0.0210(1) 0.0058(6.5)  0.0108(5) 0.0159(2.5)  0.0058(6.5) 0.0159(2.5)  0.0031(4) 0.0032(3) 0.0057(2) 0.0021(6) 0.0084(1) 0.0028(5) 0.0008(7)
balance 0.0184(2) 0.0168(5.5)  0.0168(5.5)  0.0291(1) 0.0134(7) 0.0169(3.5)  0.0169(3.5)  0.0069(1) 0.0022(7) 0.0043(3) 0.0064(2) 0.0036(4) 0.0032(6) 0.0033(5)
breastcancer 0.0146(2) 0.0128(4) 0.0145(3) 0.0183(1) 0.0090(5) 0.0073(6) 0.0007(7) 0.0045(1) 0.0005(6) 0.0043(2) 0.0003(7) 0.0016(4) 0.0011(5) 0.0022(3)
krvskp 0.0061(1) 0.0049(4.5)  0.0060(2) 0.0046(6.5)  0.0049(4.5) 0.0057(3) 0.0046(6.5)  0.0030(1) 0.0001(5) 0.0029(2) 0.0001(5) 0.0000(7) 0.0002(3) 0.0001(5)
mushroom 0.0062(1) 0.0025(6.5)  0.0036(3) 0.0051(2) 0.0030(5) 0.0025(6.5) 0.0031(4) 0.0011(1) 0.0002(6) 0.0004(4) 0.0003(5) 0.0009(2) 0.0001(7) 0.0006(3)
nursery 0.0040(2) 0.004(2) 0.0036(7) 0.004(2) 0.0037(5.5)  0.0039(4) 0.0037(5.5)  0.0012(1.5) 0.0006(3) 0.0004(4.5) 0.0004(4.5) 0.0012(1.5) 0.0003(6.5) 0.0003(6.5)
basehock 0.0081(1) 0.0064(2) 0.0063(3.5) 0.0000(6.5) 0.0010(5) 0.0063(3.5) 0.0000(6.5) 0.0007(3) 0.0008(2) 0.0006(4) 0.0003(5) 0.0011(1) 0.0000(7) 0.0002(6)
pcmac 0.0065(2.5) 0.0064(6) 0.0065(2.5) 0.0064(6) 0.0064(6) 0.0065(2.5) 0.0065(2.5) 0.0017(3) 0.0003(6) 0.0009(5) 0.0013(4) 0.0001(7) 0.0037(1) 0.0032(2)
average ranks  1.71 413 4.75 4.00 5.04 4.33 4.04 175 4.38 3.96 4.38 3.63 5.29 4.63
Data sets AL CSPA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.1457(2) 0.1110(7) 0.1240(5) 0.1308(3) 0.1173(6) 0.1477(1) 0.1282(4) 0.1402(2) 0.1369(5) 0.1425(1) 0.1398(4) 0.1192(7) 0.1400(3) 0.1265(6)
promoter 0.0244(1) 0.0028(4) 0.0011(7) 0.0019(5) 0.0012(6) 0.0155(2) 0.0136(3) 0.0094(3) 0.0067(5) 0.0088(4) 0.0151(2) 0.0026(6) 0.0176(1) 0.0006(7)
hayes 0.0160(2) 0.0073(5) 0.0060(6) 0.0155(3) 0.0132(4) 0.0201(1) 0.0052(7) 0.0078(5) 0.0082(4) 0.0037(7) 0.0072(6) 0.0115(1) 0.0108(2) 0.0084(3)
dermatology 0.0269(1) 0.0184(5) 0.0192(4) 0.0169(7) 0.0246(2) 0.0221(3) 0.0182(6) 0.0231(1) 0.0210(4) 0.0214(2) 0.0196(6) 0.0197(5) 0.0169(7) 0.0212(3)
vote 0.0031(2) 0.0000(7) 0.0072(1) 0.0003(6) 0.0013(3) 0.0011(4) 0.0006(5) 0.0003(6) 0.0004(4.5) 0.0004(4.5) 0.0005(3) 0.0032(1) 0.0016(2) 0.0002(7)
balance 0.0055(1) 0.0049(4) 0.0029(6) 0.0051(2) 0.0026(7) 0.0045(5) 0.0050(3) 0.0012(5) 0.0044(1) 0.0024(4) 0.0038(3) 0.0009(7) 0.0039(2) 0.0011(6)
breastcancer 0.0003(6) 0.0005(4.5)  0.0001(7) 0.0005(4.5) 0.0009(2) 0.0006(3) 0.0036(1) 0.0045(1) 0.0006(5) 0.0000(7) 0.0002(6) 0.0009(2) 0.0007(3.5) 0.0007(3.5)
krvskp 0.0001(5) 0.0002(2) 0.0000(7) 0.0002(2) 0.0001(5) 0.0001(5) 0.0002(2) 0.0004(2) 0.0000(7) 0.0003(3.5) 0.0002(5) 0.0006(1) 0.0001(6) 0.0003(3.5)
mushroom 0.0001(4.5) 0.0002(1.5) 0.0001(4.5) 0.0001(4.5) 0.0002(1.5) 0.0000(7) 0.0001(4.5)  0.0004(1) 0.0000(5.5) 0.0000(5.5) 0.0000(5.5) 0.0003(2) 0.0001(3) 0.0000(5.5)
nursery 0.0001(5) 0.0001(5) 0.0003(1) 0.0001(5) 0.0001(5) 0.0002(2) 0.0001(5) 0.0002(1) 0.0000(5.5) 0.0001(2.5) 0.0000(5.5) 0.0000(5.5) 0.0000(5.5) 0.0001(2.5)
basehock 0.0009(1) 0.0002(4) 0.0002(4) 0.0001(6.5) 0.0001(6.5) 0.0002(4) 0.0008(2) 0.0009(1) 0.0000(6.5) 0.0001(3.5) 0.0000(6.5) 0.0001(3.5) 0.0001(3.5) 0.0001(3.5)
pcmac 0.0005(5) 0.0013(2.5)  0.0020(1) 0.0008(4) 0.0002(7) 0.0013(2.5)  0.0003(6) 0.0024(1) 0.0010(6) 0.0016(4) 0.0014(5) 0.0004(7) 0.0018(2) 0.0017(3)
average ranks  2.96 4,29 4.46 4.38 4,58 3.29 4,04 242 492 4,04 4.79 4,00 3.38 4.46
Data sets HGPA MCLA

SIVID Full RS CAS ACES SELSCE HCSS SIVID Full RS CAS ACES SELSCE HCSS
Z00 0.1473(1) 0.1062(5) 0.1243(4) 0.1274(3) 0.0966(7) 0.1437(2) 0.1026(6) 0.1353(2) 0.1007(7) 0.1190(5) 0.1487(1) 0.1049(6) 0.1214(3) 0.1203(4)
promoter 0.0095(2) 0.0003(7) 0.0064(4) 0.0032(5) 0.0094(3) 0.0168(1) 0.0023(6) 0.0169(2) 0.0242(1) 0.011(3) 0.0033(5.5) 0.0033(5.5) 0.0044(4) 0.0022(7)
hayes 0.0182(2) 0.0070(7) 0.0145(5) 0.0207(1) 0.0158(4) 0.0109(6) 0.0160(3) 0.0151(3) 0.0036(7) 0.0188(1) 0.0111(6) 0.0176(2) 0.0123(5) 0.0145(4)
dermatology 0.0282(1) 0.0166(6) 0.0163(7) 0.0239(2) 0.0221(4) 0.0231(3) 0.0179(5) 0.0349(1) 0.0206(6) 0.0249(5) 0.0345(2) 0.0263(4) 0.0277(3) 0.0168(7)
vote 0.0073(1) 0.0043(2) 0.0005(7) 0.0007(6) 0.0009(4.5)  0.0023(3) 0.0009(4.5) 0.0029(2) 0.0009(6) 0.0011(5) 0.0056(1) 0.0024(3) 0.0014(4) 0.0001(7)
balance 0.0059(2) 0.0068(1) 0.0033(5) 0.0028(6) 0.0051(3) 0.0012(7) 0.0036(4) 0.0141(1) 0.0036(5) 0.0027(6) 0.0060(4) 0.0089(2) 0.0088(3) 0.0015(7)
breastcancer 0.0029(2) 0.0006(6) 0.0007(5) 0.0013(3.5)  0.0000(7) 0.0013(3.5)  0.0064(1) 0.0011(2.5)  0.0029(1) 0.0007(4.5) 0.0007(4.5) 0.0003(7) 0.0011(2.5)  0.0004(6)
krvskp 0.0003(1) 0.0001(3.5)  0.0000(6) 0.0002(2) 0.0000(6) 0.0000(6) 0.0001(3.5)  0.0004(1) 0.0001(3.5) 0.0001(3.5) 0.0000(6.5) 0.0000(6.5) 0.0001(3.5) 0.0001(3.5)
mushroom 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0000(4) 0.0008(1) 0.0001(4) 0.0000(6) 0.0000(6) 0.0007(2) 0.0000(6) 0.0003(3)
nursery 0.0487(2) 0.0489(1) 0.0480(6) 0.0482(5) 0.0483(4) 0.0484(3) 0.0479(7) 0.0004(1) 0.0002(2.5) 0.0001(5.5) 0.0001(5.5) 0.0001(5.5) 0.0001(5.5) 0.0002(2.5)
basehock 0.0002(4) 0.0003(3) 0.0004(2) 0.0007(1) 0.0000(6.5)  0.0001(5) 0.0000(6.5)  0.0017(1) 0.0001(5.5)  0.0010(3) 0.0006(4) 0.0000(7) 0.0014(2) 0.0001(5.5)
pcmac 0.0002(5) 0.0000(7) 0.0004(1.5) 0.0004(1.5) 0.0001(6) 0.0003(3.5) 0.0003(3.5) 0.0008(1) 0.0000(6) 0.0001(4) 0.0007(2) 0.0000(6) 0.0002(3) 0.0000(6)
average ranks  2.25 438 4,71 3.33 4,92 3.92 4.50 1.54 4.54 4.29 4.00 4.71 3.71 521
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Fig. 2. Nemenyi tests for 50% base clusterings using the k-modes clustering algorithm generating base clusterings in terms of CA.
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Fig. 3. Nemenyi tests for 50% base clusterings using the k-modes clustering algorithm generating base clusterings in terms of AR

dicate that the quality of clustering results produced by the RS al-
gorithm are worse than those obtained by the other ensemble se-
lection algorithms. In general, the SIVID algorithm is the most suit-
able for performing clustering ensemble selection when compared
with most of the existing algorithms. Similar experimental results
with these algorithms are observed using ARI and NMI evaluation
indices in Tables 4-7.

In order to give a comprehensive comparison, we further per-
form the Friedman test and Nemenyi test [47] to analyze the dif-
ferences between the SIVID algorithm and the other algorithms.
For Friedman test, there are A =7 algorithms, B =36 cases (i.e.,
2 ensemble generation methods, 3 evaluation indices, 6 consen-

sus functions). Let rlj be the rank of the jth of the A algorithms
on the ith of the B cases. For example, according to the average
rank values in Table 2, the proposed SIVID algorithm ranks 1 un-
der the single-link (SL) consensus function with respect to CA. The
Friedman test compares the average ranks of algorithms for all the
cases, R; = (%) Z,B:] r{ representing the average rank of the jth al-
gorithm for all the cases, where B is the number of cases of the
problem considered. Then, the average ranks of the seven algo-
rithms over all 36 cases are calculated to be 1.03, 3.72, 4.96, 3.99,
4,85, 4.61 and 4.85 for SIVID, Full, RS, CAS, ACES, SELSCE and HCSS
algorithms, respectively.
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Fig. 4. Nemenyi tests for 50% base clusterings using the k-modes clustering algorithm generating base clusterings in terms of NMI.
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Fig. 5. Nemenyi tests for 50% base clusterings using the simply random partition algorithm generating base clusterings in terms of CA.

Under the null-hypothesis, which states that all the algorithms
are equivalent and so their ranks R; should be equal, the Friedman
statistic

A
, 12B

A7 =m]§R§—3B(A+1), (15)

is distributed according to XFZ with A —1 degrees of freedom. Ac-
cording to the Friedman test, a p-value is 2.8291 x 1017, which
indicates that the null hypothesis can be rejected with high con-
fidence. One can observe that the seven algorithms in comparison
are not equivalent and there are significant differences among dif-
ferent algorithms.

Then, the Nemenyi tests are used to reveal the significant dif-
ferences. The critical difference between two algorithms is defined
as

k(k+1)

6N (16)

CD =qq
where k = 7 is the number of algorithms, and N = 12 is the num-
ber of data sets. We use @ = 0.1 and get q, = 2.459. Then, the crit-
ical difference in our experiment is CD = 2.1686.

Figs. 2-7 show the Nemenyi tests for 50% base clusterings with
different base clusterings generation algorithms in terms of CA,
ARI and NMI, respectively. The average rank of each algorithm is
denoted by a red circle, and a blue bar across the circle shows
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Fig. 6. Nemenyi tests for 50% base clusterings using the simply random partition algorithm generating base clusterings in terms of ARIL
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Fig. 7. Nemenyi tests for 50% base clusterings using the simply random partition algorithm generating base clusterings in terms of NMI.

the critical difference. If the horizontal distance between two cir-
cles is larger than the critical difference, then the corresponding
two algorithms are significantly different. According to Fig. 2, us-
ing the k-modes clustering algorithm generating base clusterings,
the SIVID algorithm has significant difference compared with the
other six algorithms in terms of CA. With complete-link (CL) con-
sensus function, there exists an overlap between SIVID and Full in
the horizontal direction, which indicates the proposed SIVID algo-
rithm performs as good as or better than using all clustering solu-
tions. Similar experimental results can be seen in terms of ARI and
NMI, and the details are shown in Figs. 3-7. Note that in Fig. 6,
there exist overlaps among different algorithms with CSPA con-
sensus function, which indicates that the performance of these al-

gorithms is comparable. That is to say, in this case, the proposed
SIVID algorithm performs as good as the other algorithms.

4.5. Results on robustness analysis

In this section, we further test the robustness of the proposed
algorithm with the ratio of selected base clusterings. For each ratio
of selected base clusterings, we run each of the clustering ensem-
ble selection algorithms on every data sets for 20 times with each
consensus function and record the average values. In order to make
the analysis of the results easier, the averages of validity measures
(CA, ARI and NMI) across 12 data sets are depicted as curves in
Figs. 8-10. In these figures, the ordinate axis represents the eval-
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Fig. 9. The average ARI values with different consensus functions over the ratio of selected base clusterings.

uation indices values and the abscissa axis represents the ratio of
selected base clustering. In each figure, six sub-fingers present the
performance with different consensus functions.

Overall, one important observation is that the performances in-
crease with larger selected base clusterings. However, this relation-
ship is not strictly monotonic. These figures also suggest that the
proposed algorithm can obtain consensus partitions with quality
higher or equivalent to that of the full ensemble in most cases.
Furthermore, the proposed SIVID algorithm performs consistently
better than its competitors with all different ratios of selected base
clusterings, while the RS algorithm is the least effective. In par-

ticular, for the SL, and CL consensus functions, the SIVID algo-
rithm significantly outperforms the other five ensemble selection
algorithms. For the other consensus functions, the SIVID algorithm
also achieves the best or nearly the best performance among the
compared algorithms. On the whole, the proposed SIVID algorithm
yields much better and more robust performance than the other
clustering ensemble selection algorithms with varying ratios of se-
lected base clusterings on the 12 data sets. Thus, the proposed al-
gorithm is a more robust choice in practical applications.

Beside previous effectiveness and robustness assessments, com-
putational requirements of the proposed algorithm are discussed
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Fig. 10. The average NMI values with different consensus functions over the ratio of selected base clusterings.

here. The proposed SIVID algorithm assess the quality of base par-
titions via accessing the original data feature space, whereas the
other algorithms only use the labels information of base cluster-
ings to measure quality of base clustering. Therefore, the time
complexity of the proposed algorithm is relatively higher than its
competitors. Fortunately, one advantage of ensemble clustering al-
gorithm is can be implemented in parallel. Thus, this additional
computational requirement can be ignored in practical applica-
tions. So we did not compare the running time of various algo-
rithms in this section.

5. Conclusion and future work

To improve the performance of the ensemble clustering algo-
rithms for categorical data, a novel selection strategy, namely Sum
of Internal Validity Indices with Diversity (SIVID), is presented. In
this algorithm, the quality of the base partitions is assessed via
five popular internal validity indices. And the diversity measure
is based on the normalized mutual information. The effectiveness
and robustness of the proposed algorithm is demonstrated on 12
data sets with three evaluation measures. The experimental results
show that the proposed algorithm can effectively extract clustering
structures with higher clustering quality in comparison to several
state-of-the-art algorithms. As is well known, the performance of
the clustering ensemble selection algorithm depends on the qual-
ity, diversity of the base clusterings and the number of selected
base partitions. Determining the number of selected base parti-
tions automatically is an important problem in this field, which
will be part of our future works.
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