
The Journal of Supercomputing
https://doi.org/10.1007/s11227-018-2526-z

High-performance link-based cluster ensemble approach
for categorical data clustering

N. Yuvaraj1 · C. Suresh Ghana Dhas2

© Springer Science+Business Media, LLC, part of Springer Nature 2018

Abstract
In recent years, the clustering ensembles emerged as a problem solver for extracting
the data points into clusters in an efficient way. However, still clustering poses a serious
issue due to the presence of imperfect informationwhile partitioning the data into clus-
ters. This creates a serious issue in creating an efficient cluster with cluster ensembles.
In this paper, we propose a solution to solve the degradation in clustering during data
partitioning. The initial clusters are generated using firefly algorithm. A linked cluster
ensemble approach uses similarity measurement using multi-viewpoint and weighted
triple quality using entropy measurements that ensembles the data points into clusters.
This avoids the problem of local optimum and avoids the issues arise from high-
dimensional datasets and improve the quality of clustering. Here, the data partitioning
is done with bipartite spectral algorithm and similarity measurement. Finally, the arti-
ficial neural network is used to generate classified results from the optimized clustered
datasets. The experimental results are carried out over UCI repository datasets and the
results show that the proposed method attains an effective ensemble clustering with
higher clustering accuracy than the conventional ones.
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1 Introduction

Data clustering is a fundamental tool to know the dataset structure. It plays a crucial
role in data mining, machine learning, pattern recognition and retrieval. Clustering
groups the datasets into clusters, where the data in cluster are similar than the other
clusters. Clustering is widely applied in image processing, pattern recognition, market
analysis, etc., and this works well with any datasets. Many clustering algorithm to
cluster the categorical data is available in the literature that includes protein interac-
tion data [8] and it uses Gower’s similarity coefficient [3]. The k-mode [10] has been
extended to centroid update rule using dissimilarity matching technique and frequency
update method. Single pass algorithm uses pre-assigned similarity threshold value to
find the clusters (either old or new) for examining the assigned data points. Informa-
tion bottleneck framework is used by a clustering algorithm with good scalability, and
it is hierarchical to identify the distance of categorical data points, i.e., LIMBO [1].
Other algorithms like genetic and evolutionary computing has already been used for
categorical datasets. Further, graph models like ROCK [9], STIRR [7] and CLICK
[24] are also used. Additionally, density algorithms are used like graph models, i.e.,
CACTUS [6]. Other techniques for categorical datasets include No Free Lunch theo-
rem [21], where not a single algorithm is efficient in being best for the datasets [14]
and it identifies the shapes and structures of the related dataset [22]. These algorithms
in clustering the categorical datasets have its own strength and weaknesses; however,
based on its parametric setting, it provides a distinctive solution.

Clustering categorical information is comparatively demanding than clustering
numeric information. In numeric information, the inherent geometric possessions can
be castoff in significant distance functions among data facts. In case of categorical
facts, a distance or distinction purpose cannot be well-defined unswervingly. Owing to
the superior possessions of definite attributes, the grouping of categorical information
appears more complex than that of numerical information. An insufficient procedure
has been anticipated in current years for grouping categorical information. It is ade-
quate to plug out that all the attribute standards are treated uniformly in the resemblance
calculation of those accessible algorithms. That is, unusual attribute value counterpart
has the similar donation to parallel computation like those of recurrent ones.

However, these limitations are avoided using cluster ensemble technique, which
is seen as an effective solution for clustering algorithms, which uses categorical
datasets. It improves well the robustness and clustering quality. Besides its advantages,
it possesses certain disadvantagewhich provide incorrect clusters during final data par-
titioning. The information or binary clustering ensemble matrix brings the relations
between the data points, where many null entries are left unknown and this reduces the
data partition quality. Such degradation in data partition quality, a linked approach is
presented that uses refined cluster association matrix. It forms a relation between the
cluster and that improves the quality of data partition and finds the unknown entries
by measuring the cluster ensemble similarity. This ensemble technique is used for
combining the multiple partitions over different clusters and forms a single clustering
solution to attain better accuracy, increased robustness and improved clustering quality.

The present work concentrates in categorical datasets and grouping them into clus-
ters and each category has its own value. This technique uses similarity measure based
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on multi-viewpoint and WTQ using entropy measurement, which measures the sim-
ilarity between the cluster points and improves the quality of clustering. Initially, the
base clusters are generated using firefly algorithm (FFA). Strehl and Ghosh [19] said
thatmulti-viewpoint similaritymeasure is suitable for cluster points using its similarity
measurement. The relative similarities between the clustering data points is measured
using the proposed method, and the results are provided with different viewpoints.
Once the similarity is measured, the partition between the data occur. The problems in
partitioning the data points are resolved with spectral co-clustering or bipartite algo-
rithm [5]. This results in good bipartition. Ensemble method implemented over ANN
[13] provides high-performance classification systems, once the data partition is done.
The proposed method aims at selecting the best subset formed with error-independent
sets. Nanda and Panda [15], proposes a stochastic global optimization that clusters the
categorical data sets. The present technique with above methods well identifies the
real number available in clusters over the categorical dataset.

The outline of the paper is presented as follows: Sect. 2 provides the related works.
Section 3 discusses the proposed modules. Section 4 provides the experimental results
and discussions. Finally, Sect. 5 concludes the paper with future work.

2 Related work

Iam-On et al. [12] analyzed the problem of degradation associated with clustering
quality and presented a link-based algorithm that improves the matrix computation
for finding the unknown elements in the dataset using cluster ensemble similarity. The
final clustering quality is obtained using graph partitioning over weighted bipartite
graph from the refined matrix. The results over real-time datasets proved that the
link-based algorithm outperforms well than conventional clustering over categorical
datasets and other cluster ensemble algorithms.

Bai and Liang [2] approach a new term to reflect the separation exist in cluster.
An optimization function is developed using k-mode and other objective function.
This optimization framework updates well and provides convergence over several
iterations. The effectiveness of clustering is improved with k-mode algorithm, and the
results over large categorical dataset proved better scalability and better linear time
complexity over data objects and clusters.

Iam-on and Garrett [11] used link cluster ensemble technique to improve the clus-
tering quality using internal and external criteria. The results proved better clustering
quality over real and synthetic datasets.

Pavithra and Chandrakala [17] used C-Rank link algorithm for improving the qual-
ity of clusters and improved ranking of clusters over the weighted networks. This
algorithm has 3 phases: (1) identifying the clusters, (2) ranking the data points using
integrated cohesion and (3) eliminating the reduced clusters. Finally, graph partitioning
is applied over weighted bipartite graph to attain the refined matrix.

Chen and Liu [4] used entropy property for finding the set of candidates in categor-
ical dataset. This helps to obtain best K candidates, and it uses hierarchical clustering
algorithm.
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3 Proposedmethodology

The present method initially clusters the datasets using firefly algorithm to form base
cluster. A multi-viewpoint-based similarity measure obtains optimal partitioning by
finding the specific distance function between the clustered datasets. It then uses cluster
ensemble method to create clustered categorical datasets. The data partitioning is
generated using ensemble even in the presence of incomplete information. The refined
matrix or cluster association is used to find the value of 0 or unknown associations
over 1 or known associations from the binary matrix. The graph partitioning problem
in clusters is resolved using bipartite graph model. The entropy-based weighted link
quality is used to acquire the important knowledge in the network. This outputs the
finally improved clustered results even in the presence of incomplete or unknown
data points in the network. This bridges the gap between link analysis and clustering
and enhances the clustering over categorical datasets. The architecture of clustering
ensemble method is shown in Fig. 1.

3.1 FFA data clustering

3.1.1 Clustering problem

Clustering is used to find the inter-collections and intra-relations of data samples.
Clustering is used to reduce the data volume and dimensions of data for preprocessing
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and similarity or dissimilarity analysis. Many standards are considered to solve the
problems in clustering. Amongwhich, the Euclidean distancemetric plays amajor role
in the process of clustering and it is used to find the distance between the cluster center
and the data points. The Euclidean distance metric is used in clustering algorithm:

d(X , c j ) �
√∑m

i�1
(xi − c j )2 (1)

where m—total number of data, X—data vector, and cj—cluster center.
Consider a samplewith points inN-dimensional space, and these points are assigned

in each cluster using Euclidean distance standards. The main aim of the FFA is to
obtain local optimal solution by finding the cluster center. However, it fails at solving
the clustering problem due to its dependency with final output on an initial value of
centers and new convergence and being in a local optimum.

3.1.2 Firefly algorithm for data clustering

The firefly algorithm is considered as a stochastic global optimization method, and
the hybrid clustering is based on firefly HFA and that make use of distance metric.
The objective function f (x) uses centroid cluster difference between one and other
data points, and finally the best data point is chosen [23]. The fireflies travel to a best
location of a one data point within a cluster to other data point. The optimal data points
are obtained using new location and the best centroid value is found in the similar data
point group and classification arises without any degradation in quality of clusters.

The main problems in FFA are finding the light intensity difference and absorbency
amount. We consider that luminosity with absorbency depends mainly on target func-
tion. Since absorbency in FFA is directly related to light intensity of adjacent firefly,
the absorbency (β) is thus defined as:

β(r ) � β0e
−γ r2

where β0 is regarded as the absorbency that shows total amount of absorption from
the light source when r �0. The parameter γ determines the convergence speed and
firefly behavior, which is determined based on changes in absorbance within [0,∞)
limits.

The distance between fireflies is given by Cartesian distance relation:

ri j � ∥∥xi − x j
∥∥ �

√∑d

k�1

(
xik − x jk

)2

where k—part of spatial coordinates of firefly in 2D state, which is given by:

ri j �
√(

xi − x j
)2 + (

yi − y j
)2
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The movement of firefly and absorption is determined as:

xi � xi + β(r )
(
xi − x j

)
+ α(rand − 0.5)

From the above equation, the absorbency is given as β(r )
(
xi − x j

)
and α is the chance

maker parameter and rand∈ [0,1] is the random number obtained through uniform
distribution. The chance maker is the third statement, which is given by α(rand−0.5).

The fitness function to evaluate the problem of clustering using distance-based
measurement is defined in the following equation.

f � 1

M

M∑
i�1

‖Di − Ci‖

where Ci—cluster center, Di—total number of available data andM—maximum dis-
tances between the cluster centers.

Algorithm data clustering using HFFA

1: Initialize the objective function f (xi ), X � (X1, X2, X3, . . . , Xn)

2: Generate an initial population for suitability index with fireflies
Xi (i � 1, 2, 3, . . . , n)

3: Set Max number of i terations � Maxgenerations, Sett � 1

4: Devise light intensity I so that it is linked with f (xi ),

5: Define absorption coefficient λ and β

6: While (t < MaxGeneration)

7: For i � 1: n (for all n fireflies)

8: For j � 1: n (n fireflies)

10: If (I j > Ii )

11: Move firefly i toward j ;

12: Xt�1
j � Xt

j + β exp[−γ r2i j ]

13: End if

14: Vary attractiveness with distance ri j via update the cluster centroids

15: Evaluate new solutions and update light intensity for each firefly;

16: End for j ;

17: End for i ;

18: Rank the fireflies and finding best cluster data points;

19: End while;

20: Post-processing and location visualization;

21: End process.

3.2 Multi-viewpoint-based similarity measure

The multi-viewpoint similarity measure is proposed to improve the clustering quality,
and the problem in such clustering quality is improved with optimization process.
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Here, an optimal partitioning method is obtained using estimation of specific dis-
tance function between the datasets. The efficiency of clustering depends mainly on
similarity measurement between the datasets.

The new concept of similarity measurement is constructed using one or more data
points as reference, and the similarity measurement between the datasets is called as
multi-viewpoint similarity measurement, which is given as:

Simdi ,d j∈Sr (di , d j ) � 1

n − nr

∑
dh∈ S

Sr

Sim(di − dh, d j − dh) (2)

FromEq. (2), the similaritymeasurement between the documents, di and dj, in same
cluster is defined as the average similarity obtained from the different view of all docu-
ments that lies outside the cluster. The measuring of similarity between the documents
should lie completely within a cluster, and the points for establishing such measures
should lie outside the cluster. This method is called as MVS [16], which is applied in
our method, and the MVS between the di and dj is given by MVS(di , d j |di , d j ∈ Sr ).
The MVS final product depends mainly on individual similarity within the sum, and
the similarity is given by the dot product of the document vectors,

MVS((di , d j |di , d j ) ∈ Sr )�
∑
dh∈ s

sr

(di − dh)
t (d j − dh)

� 1

n − nr

∑
dh

cos(di − dh, d j − dh)||di − dh ||||(d j − dh)|| (3)

The similarity measurement between di and dj within a cluster Sr over point dh
that lies outside the cluster is considered as a dot product of correlation distance over
dh and cosine angle between the documents from the point dh.

3.3 Cluster ensemble

The database over given clustered categorical dataset is created, and the formation
of base cluster is obtained using FFA algorithm. The classical ensemble problem is
avoided with the use of consensus clustering, specifically for unsupervised learning in
analogous with ensemble approach for supervised methods. This refers to the criteria
that a number of varied input clusters are obtained over specific dataset and a single
consensus clusters are found from the base clusters. The reconciliation of clustering is
obtained from consensus clustering obtained from similar dataset of different sources
or different iteration of algorithms. It uses three methods:

1. Direct ensemble is the categorical data points which are transformed directly to
form ensemble without the use of base clusters. This is the first type of clus-
ter ensemble, which is used to transform the categorical data clustering problem
using cluster ensembles. It considers the categorical label as a cluster in an ensem-
ble. With such formalism, the categorical data are transformed directly into cluster
ensemblewithout base clusters. This direct ensemblemethodprovides high-quality
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clustering data, where the accuracy of single attribute partition is lesser than clus-
tering the entire data attributes, which enables larger diversity inside a cluster
ensemble.

2. Full-space ensemble is obtained from base clusters (obtaining clustering using a
basic clustering algorithm over original categorical dataset). The base clustering is
generated using FFA with cluster center initialization. The artificial instability to
FFA is generated using two schemes, namely fixed and random modes that select
the cluster from base clustering.

3. Subspace ensemble is the high diverse cluster ensemble over different data subsets.
The cluster ensemble is generated from data subspace through base clustering
results fromFFA.The cluster ensemble is created usingFFA fromvarious subspace
attributes set using fixed and random schemes for selecting the clusters.

When the dataset is raw, significance in finding the processed information is limited
and only semantic relations provides the proper meaning. The proposed method aims
at extracting the information from the dataset in an automated way.

3.3.1 Creation of the ensemble E∗

The proposed method creates candidate ensemble during each iteration with the help
of one net over eachM formed cluster. The data point size is seen as varying ensemble
during the process of clustering due to formation of different clusters during each
iteration. A maximum average distance is exhibited over other chosen clusters. Here,
the distance between the dataset and a cluster is calculated as:

∀Ei , E j i �� jd
(
Ei , E j

) � max
ns∈Ei ,nt∈E j

{d(ns, nt )} (4)

The datasets (M) are combined with individual data point ensemble E∗ using
grouping and improved classification accuracy; hence, it is calculated using dataset
validation. The ensemble performance is thus created using HFFA and provides better
performance. So, even in worst-case probability, the ensemble data point N is created
during clustering and the proposedmethod hence exhibits a very limited computational
complexity.

3.4 Generating refinedmatrix

The refined matrix or cluster association is used to find the value of 0 or unknown
associations over 1 or known associations. Here, the degree of association is preserved
using refined matrix. Further, the similarity using binary cluster association matrix
between the clusters belonging to [0,1] signifies that the similarity exists between two
different clusters.

With such insight, the refinedmatrix is defined as enhanced variations from original
binary matrix. It aims at approximating the unknown association value (“0”) from
known value (“1”). The preservation of association degree is within the refined matrix
limits, i.e., BM(xi , cl) � 1 → RM(xi , cl) � 1. For each cluster πt , t � 1, 2, . . . , M ,
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the corresponding cluster is given by Ct
1,C

t
2, . . . ,C

t
kt
and its association degree with

total clusters kt is given in terms of refined matrix RM(xi , cl) ∈ [0, 1] that consists of

data points xi ∈ X with cl ∈
{
Ct
1,C

t
2, . . . ,C

t
kt

}
is given as,

RM(xi , cl) �
{
1 if cl � Ct∗(xi )
Sim(cl,Ct∗(xi )) otherwise

whereCt∗(xi ) is considered as cluster label over cluster t to which xi belongs. Addition-
ally, the similarity between the two clustersCx andCy is given bySim(Cx .Cy) ∈ [0, 1],
which is obtained using weighted triple quality link-based ensemble.

3.5 Resolving graph partitioning problem in clustering using bipartite spectral
graph

Here, the datasets are applied over various clustering technique and it provides different
output, which is chosen as base clusters. This base cluster is linked with link similarity
technique, which produces final clustering with spectral graph partition. The final
clusters are generated based on complete information ensemble. Hence, the categorical
datasets are clustered with better quality using the above procedure and entities are
further included in the finalized cluster. Higher accuracy is attained using link-based
spectral graph partition in an inexpensive manner. This link approach has the ability
to find the null or unknown values. To further improve the accuracy, bipartite graph
partition is used with link similarity.

Finding the suitable partition set Π of X is a difficult problem. The total number
of different partition sets of the form Π �{C1, C2, …, Ck} may be expressed by
the function S(N , k) associated with the Stirling number of the second kind, which is
given by:

S(N , k) � 1

k!

k∑
i�0

(−1)k−i
(
k
i

)
i N

where N � |X |. For instance, for N �50 and k �2, S(N , k)≈5.63×1014. This num-
ber illustrates the complexity of the problem that we need to solve. Therefore, it is
necessary to resort to a method that allows us to explore efficiently a large solution
space. In the following section, we briefly describe some meta-heuristic searches.

3.5.1 Bipartite graphmodel

A graph G � (V , E) with V vertex set and E edge weight set and Ei j edge weight
between the vertex {i, j}.
Definition 1 The n × n weighted adjacency matrix of an undirected graph is defined
as the matrix (mi j ) i, j �1, …, n. If mi j � 0, it implies that vertices vi and v j are not
connected by an edge. If mi , j �� 0, it implies that the vertices {i, j} are connected
and mi, j is the corresponding edge weight. Since the graph is undirected, mi j � m ji

necessarily.
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Definition 2 Given the weighted adjacency matrix of a graph and a partition of the
vertex set V into two disjoint subsets V1 and V2, the cut between these two subsets is
defined as:

cut(V1, V2) �
∑

i∈Vi , j∈V2
Mi j . (5)

The objects in the dataset expressed in the form of graphs using bipartite graphs.
Here, the undirected bipartite graph used is a triplet

G � (D,W , E).

where

W � (w1, w2, . . . , wm)

D � (d1, d2, . . . , dn)

This represents the sets of vertices with E as the edge set{{
wi , d j

}
: wi ∈ W , d j ∈ D

}
.

Here, D is the set of datasets andW is the category set in dataset. The edge (wi, dj)
occurs if wi lies in dataset dj. These edges are considered undirected, and the bipartite
model has nil edges between the datasets and the categories. The problem in graph
partition is NP complete problem, and this is solved with local minima using heuristic
method, where the search occurs in local vicinity during initial partitioning and the
solution stuck at local minima.

3.5.2 Spectral graph bipartitioning

The graph is formulated using spectral graph partitioning, which differ based on best
partition search using spectral partitioning heuristic. IfG � (V , E) hasm edges and n
vertices, then the incidence matrix forG is IG , which is n×m matrix with one row and
column for a vertex and an edge, respectively. The value of column w.r.t. edge {i, j}
of IG is 0 other than ith and jth entry, and they are

√
Ei j and −√

Ei j , respectively. A
spectral graph bipartitioning is trained in withinmeasured datasets, and the classifier is
evaluated over different test problems that show considerable developments for better
clustering over the datasets.

3.6 Weighted triple quality link clustering ensemble

Using cluster ensemble, theweighted graph is constructed g� (v,w)where v—vertices
set representing each cluster and w—weighted edge set between the clusters. Then,
weights over each edge, wde ∈w, which gets connected to clusters of cd and ce ∈ v.
This is estimated finally by the overlapping members proportion.

wde � |Ld ∩ Le|/|Ld ∪ Le|
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The value lies in [0,1]. The value is 0 if two data points are considered disjoint, and
the value is 1 if two data points are equal. This is a common indicator for measuring
the similarity between the two dataset clusters. If wxy is nearer to 1, the clusters are
dissimilar and if wde is nearer to 0, the clusters are similar.

Hence, total duplicated datasets are removed from the clusters. This is calculated
based on hash value and that uses Division Remainder Hashing (DRH) over two
datasets Ld and Le. In DRH, Ld key is divided by a number greater than the total Ld
keys, and the remainder value is regarded as the index over the hash table, i.e.,

H (Ld ) � Ld mod m

The number is chosen as prime number and this reduces the total collisions. The
hash function over each cluster maps the keys and that lies between 0 andm−1. Here,
the hash lies between 1 and m rather than 0 to m −1.

H (Ld ) � Ld mod m + 1

H—hash function that maps x and y to distinct clusters. In each cluster the value of
hmin(S) belongs to the value x, which has minimum h(x) values. Then, hmin(Ld)�
hmin(Le) when the minimum H of the Ld ∪Le lies in Ld∩Le. Similarity between the
dataset is found using weighted quality matrix (WTQ).

The similarity is thus measured using:

s(a, b) �
∑
∀z∈Z

log−1[frequency(z)]

where z—feature set between a and b and frequency(z) defines the total appearance of
z. The clustering quality is determined by weighted parity that connects the clusters.
The WTQ measure cd , ce ∈v w.r.t. to ck ∈v, which is estimated as:

WTQk � 1/wk

Here,

Wk �
∑

(∀t ∈ Nk ⊂ V )wtk,

where Nk is the clusters set linked with the cluster ck , where ∀ct ∈Nk , wtk ∈w.
The WTQ score between the clusters datasets cd and ce is defined as

WTQ(de, k) �
∑

k�1−q

WTQ(de, k)

Following that, the similarity between clusters cd and ce can be estimated by:

Sim(cd , ce) � (WTQde)/(WTQmax) × DC
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where WTQmax—maximumWTQ value, WTQde—WTQ between the clusters. Here,
cd , ce∈v and DC—constant decay factor� [0,1].

3.6.1 Entropy-based weighted triple quality

Once the similarity measurement between the data points is found, the entropy is
increased and possesses certain correction based on clustering similarity. Let cj be the
cluster with elements represented as CL�{x1, x2, …, xn} with cluster center CC(t)�
x, where x /∈ (x1 +x2 +··· +xn)/m. Hence, the centers is obtained as:

CC(t+r) �
∑m

i�1 xi
(m + 1)

1 − ( 1
m+1

)r
1 − ( 1

m+1

) +
x

(m + 1)r

The equations are in geometric progression, and hence, to obtain entropy, the above
equation can be converged as:

CC(t+r)

n
�

∑m
i�1 xi
mr

The present work finds the value entropy from theWTQ and RM is used to generate
a bipartite graph,where the construction ofRM is constructed using similar data points.
Here, the categorical label similarity helps to resolve the RM construction problem.
Thus,weights are calculatedwithWTQ for graph partitioning that improves the quality
of clustering.

3.7 ANN classification over optimized clustered datasets

Based on multi-viewpoint similarity, the clustered data points are classified using
ANN and generates initial data points ensemble. Here, ensemble (E) of ANN (N)
using classification is given as:

E � {n1, n2, . . . , nN }

The selection phase for the selection of subset of E∗ is combined effectively. The
optimal subset E∗ is formed with assess over accuracy in classification by subset, E.
Thus, the total subsets (or possible subset) are,

N∑
i�1

(
N
i

)

Here, the size (N) of set (E) is considered large during the phase of classification,
and hence, the brute force method is not possible. The selection phase depends on
hypothesis of set E that allows the subset selection from the dataset and it is combined
without the need of enumeration from the possible subsets. Here, the setE is developed
by forming union of subset (M) with Ei:
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Table 1 Datasets Dataset N D AV K

Zoo 101 16 36 7

Lymphography 148 18 59 4

Primary tumor 339 17 42 22

Breast cancer 683 9 89 2

20 Newsgroup 1000 6084 12,168 2

E �
M⋃
i�1

Ei

Ei meets: ∀i, j i �� j Ei ∩ E j � ∅ and the dataset that forms the subset satisfies:

∀Ei , E j , nl , nm, nn, i �� j, nl , nm ∈ Ei , nn ∈ E j prob(nl fails, nmfails)

> prob(nl fails, nnfails)

The termprob(nlfails, nmfails) and prob(nlfails, nnfails) is the probability of compound
error from the datasets. From Eq. (8), the probability of compound error between the
two different datasets of similar subset is found higher than the subset between the
two nets of different subsets.

This condition provides a better guide for selecting the dataset ensemble that are
combined and classified. The selection phase based on Eqs. (4–7) is given as:

• Subset Identification Ei ;
• Nets extraction from the subsets for creating the ensemble E∗ � {n∗

1, n
∗
2, . . . , n

∗
M }

using error-independent datasets.

4 Results

Theproposed hybrid firefly algorithm linked clustering ensemble framework orHFAL-
CEF is evaluated over real datasets. The improved quality in data partition is formed
using the proposed method, which is evaluated and assessed with other ensemble and
categorical data clustering methods. The datasets considered for evaluations include:
Zoo, lymphographic, primary tumor, breast cancer and 20 newsgroup [18], shown
in Table 1. The parameters of the datasets include: data points (N), attributes (d),
attribute values (AV) and classes (K). For example, 20 newsgroup datasets have 1000
documents obtained from 2 newsgroups with 6084 different terms. Specifically, the
frequency ( f ∈ {0, 1, . . . ,∞}) at which the keyword appears over the documents is
converted to a nominal value: “Yes” if f >0, “No” otherwise.

The quality of the clustering ensemble is evaluated first, and then, it is compared
empirically and this employs the following clustering ensemble. Here, five major
ensemble factors have been taken for the study and that include: Factor I, Factor II
(Fixed k), Factor II (Random k), Factor III (Fixed k), and Factor III (Random k).
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The clustering algorithm of k-mode factor generates base clustering using HFAL-
CEF, FALCEF, link-based cluster ensemble (LCE), similarity matrix (CO) with single
linkage (CO+SL), similarity matrix (CO) with average linkage (CO+AL), cluster-
based similarity partitioning algorithm (CSPA) and hyper-graph partitioning algorithm
(HGPA). The classification accuracy between the different ensemble factors over the
categorical dataset is shown in Table 2. The result shows that proposed method obtains
higher classification accuracy than other ensemble methods for all datasets. The result
further shows that III-Random k obtains higher classification accuracy than III-Fixed
k, II-Random k, II-Fixed k and I.

The frequency of significant better (B) performance is shown in Table 3, and they
are categorized as per the following indices: Normalized Mutual Information (NMI),
Adjusted Rand (AR) and Classification Accuracy (CA). From the results, it is seen
that the effectiveness of the proposed method has enhanced than the other clustering
ensemblemethods, whereB andW represent the average number of time the technique
attains the better and worse results, respectively. The Betterness (B) results is high
in CA, NMI and AR for the proposed method than FALCEF, LCE, CO+SL, CO+
AL, CSPA and HGPA. On the other hand, the Worseness (W) results for the proposed
method is lesser than other ensemble methods like FALCEF, LCE, CO+SL, CO+AL,
CSPA and HGPA.

The parametric analysis focuses mainly on presenting the means of employing
HFALCEF at its greater potential. The performance of such technique depends mainly
on the decay factor DC ∈ [0, 1], which is deployed in order of ascertaining the cluster
similarity.

The relationship thus exists between the DC ∈ {0.1, 0.2, , . . . , 0.9} and the cluster-
ing performance values in X- and Y -axis, respectively. The HFALCEF average score
value of different ensemble factors depends on DC ∈ {0.1, 0.2, . . . , 0.9}, as shown
in Figs. 2, 3, 4, 5 and 6. The HFALCEF method attains higher quality consistency
and results of DC value between 0.7 and 0.9, which is due to automated calcula-
tion of centroid value using HFA and this has improved the clustering results for
DC ∈ {0.1, 0.2, . . . , 0.9}.

Hence, the average score value of HFALCEF over different ensemble factors based
on size M ∈ (10, 40, . . . , 100) is shown in Figs. 7, 8, 9 and 10. From the results,
it is seen that the HFALCEF method attains a good average score results than LCE,
CO-SL, CO-AL, CSPA and HGPA.

Cohesion relates the closeness of the data in the cluster, which are related to each
other clusters [20]. The cohesion between each cluster is:

pi �
∑

m ��n Cmn

K ∗ (K−1)
2

(6)

where m, n—cluster data point, K is cluster data point, Cmn—data points distances.
From Table 4, the cohesion parameter shows the datasets and the performance of

parameter measurement between the datasets is shown in Fig. 11.
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Table 3 Performance comparison among examined clustering methods

Ensemble factor Methods CA NMI AR

B W B W B W

I HFALCEF 193 22 153 58 169 58

FALCEF 187 28 146 53 164 53

LCE 170 35 137 65 149 61

CO+SL 34 180 81 136 47 163

CO+AL 72 143 114 93 84 120

CSPA 105 92 132 82 109 95

HGPA 21 193 19 208 24 201

II-Fixed k HFALCEF 238 2 232 4 226 08

FALCEF 225 3 228 5 212 09

LCE 208 4 204 9 201 13

CO+SL 26 171 37 149 28 163

CO+AL 131 46 134 42 134 39

CSPA 86 91 68 101 82 103

HGPA 64 80 93 92 93 91

II-Random k HFALCEF 243 2 221 6 228 06

FALCEF 235 2 214 8 219 08

LCE 209 4 203 12 201 11

CO+SL 17 173 38 159 28 170

CO+AL 97 80 94 63 117 53

CSPA 76 113 47 131 51 125

HGPA 67 121 41 139 49 132

III-Fixed k HFALCEF 225 5 216 06 208 08

FALCEF 219 5 203 08 197 09

LCE 197 7 191 13 182 16

CO+SL 17 167 37 142 32 162

CO+AL 115 43 119 43 139 29

CSPA 73 87 53 94 61 106

HGPA 71 82 56 101 65 101

III-Random k HFALCEF 232 2 218 08 211 08

FALCEF 227 3 206 09 196 09

LCE 203 6 191 13 181 11

CO+SL 15 178 34 146 32 163

CO+AL 81 67 81 59 103 43

CSPA 52 112 36 121 45 123

HGPA 51 117 38 134 63 131
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Fig. 2 Ensemble Factor I versus decay factor
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Fig. 3 Ensemble Factor II-Fixed k versus decay factor

Variance shows the separation of clusters, which is given by:

Vi �
∑
m ��n

(pi − Cmn)2(
K (K−1)

2

)
− 1

(7)

where pi—cluster cohesion value, Cmn—data points distance, K—number of data
points in the clusters.
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Fig. 4 Ensemble Factor II-Random k versus decay factor
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Fig. 5 Ensemble Factor III-Fixed k versus decay factor

From Table 5, variance measurement for the datasets and comparison between the
proposed and other system is shown in Fig. 12.

Precision is defined as fraction of relevant retrieved datasets or positive predictive
value. This is determined in terms of retrieval of true positive (TP) and false positive
(FP) values, which is given by:

Precision � TP/(TP + FP) (8)

123



High-performance link-based cluster ensemble approach for…

0.2

0.4

0.6

0.8

0.1 0.3 0.5 0.7 0.9

A
ve

ra
ge

 sc
or

e(
%

)

Decay factor 

FALCEF LCE CO-SL

CO-AL CSPA HGPA

HFALCEF

Fig. 6 Ensemble Factor III-Random k versus decay factor
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Fig. 7 Ensemble Factor II-Fixed k versus ensemble size

From Table 6, precision measurement for the datasets and comparison between the
proposed and other system is shown in Fig. 13.

Recall is defined as the fraction of TP and the sum of retrieval TP and false positive
(FP), which is given as:

Recall � TP/(TP + FP) (9)

From Table 7, recall measurement for the datasets and comparison between the
proposed and other system is shown in Fig. 14.
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Fig. 8 Ensemble Factor II-Random k versus ensemble size
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Fig. 9 Ensemble Factor III-Fixed k versus ensemble size

5 Conclusion and future works

This paper presents a high effective novel clustering ensemble method. The cluster-
ing ensemble method transforms the clustered categorical data matrix into refined
matrix by direct application of graph partitioning technique. The optimal clus-
tered result from the above ensemble methods is finally classified using ANN
algorithm. This method resolves the degradation issues during cluster formation.
The degree of relationship between the solutions of generated base clusters is
explored. The result shows that HFFA obtains better clustered results over UCI
datasets. The problem in constructing the refined matrix is resolved effectively using
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Fig. 10 Ensemble Factor III-Random k versus ensemble size

Table 4 Comparison of the performance in cohesion clustering method for datasets

Dataset HFALCEF FALCEF LCE CO+SL CO+AL CSPA HGPA

Zoo 0.812 0.7818 0.7512 0.7315 0.7218 0.7185 0.7083

Lymphography 0.8105 0.7815 0.7618 0.7481 0.7321 0.7258 0.7156

Primary tumor 0.8361 0.8153 0.7952 0.7712 0.7589 0.7328 0.7265

Breast cancer 0.8454 0.8258 0.8021 0.7829 0.7682 0.7581 0.7337

20 Newsgroup 0.8685 0.8418 0.8206 0.8102 0.7819 0.7663 0.7418

Table 5 Variance performance comparison for datasets

Datasets HFALCEF FALCEF LCE CO+SL CO+AL CSPA HGPA

Zoo 0.732 0.7128 0.7024 0.6958 0.6817 0.6638 0.6582

Lymphography 0.7481 0.70819 0.6921 0.6886 0.6785 0.6571 0.6423

Primary tumor 0.7563 0.7236 0.7181 0.7078 0.6889 0.6614 0.6582

Breast cancer 0.7281 0.7176 0.7048 0.6912 0.6837 0.6451 0.6386

20 Newsgroup 0.7894 0.7618 0.7486 0.7318 0.7263 0.7158 0.7043

WTQ similarity algorithm. The experimental results with various ensemble types,
datasets and validity measures suggest that proposed link-based clustering ensem-
ble obtains superior results than conventional cluster ensemble and categorical data
algorithms.

Additionally, this work can further be extended on similarity measurement using
fuzzy clustering ensemble, subspace clustering ensemble and other optimization
ensemble algorithms like bee colony, harmony search, genetic and fuzzy-based meth-
ods over categorical, real and synthetic datasets with huge dimensionality. Also,
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Fig. 12 Variance performance comparison versus datasets

Table 6 Precision comparison for datasets

Datasets HFALCEF FALCEF LCE CO+SL CO+AL CSPA HGPA

Zoo 0.752 0.7328 0.7258 0.7136 0.7095 0.7018 0.6925

Lymphography 0.7681 0.7485 0.7335 0.7481 0.7423 0.7292 0.7184

Primary tumor 0.7854 0.7682 0.7437 0.7355 0.7256 0.7155 0.7082

Breast cancer 0.7719 0.7564 0.7352 0.7246 0.7185 0.7059 0.6949

20 Newsgroup 0.7987 0.7819 0.7628 0.7468 0.7329 0.7257 0.7085
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Table 7 Recall comparison for datasets

Datasets HFALCEF FALCEF LCE CO+SL CO+AL CSPA HGPA

Zoo 0.7953 0.7818 0.7702 0.7652 0.7581 0.73214 0.7289

Lymphography 0.8128 0.7956 0.7856 0.7669 0.7463 0.7388 0.7213

Primary tumor 0.7925 0.7782 0.7638 0.7518 0.7463 0.7413 0.7352

Breast cancer 0.8235 0.8102 0.7941 0.7852 0.7641 0.7518 0.7381

20 Newsgroup 0.8102 0.7980 0.7851 0.7743 0.7518 0.7456 0.7258
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Fig. 14 Recall comparison for datasets
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improvements over the execution time can be reduced with increased clustering effi-
ciency. Further, the research can be improved on other ensemble technique with the
use of linked similarity measures using multi-viewpoint similarity measurement.
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