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Abstract
Document clustering is the partitioning of a given collection of documents into various K- groups based on some
similarity/dissimilarity criterion. This task has applications in scope detection of journals/conferences, development of
some automated peer-review support systems, topic-modeling, latest cognitive-inspired works on text summarization, and
classification of documents based on semantics, etc. In the current paper, a cognitive-inspired multi-objective automatic
document clustering technique is proposed which is a fusion of self-organizing map (SOM) and multi-objective differential
evolution approach. The variable number of cluster centers are encoded in different solutions of the population to determine
the number of clusters from a data set in an automated way. These solutions undergo various genetic operations during
evolution. The concept of SOM is utilized in designing new genetic operators for the proposed clustering technique.
In order to measure the goodness of a clustering solution, two cluster validity indices, Pakhira-Bandyopadhyay-Maulik
index, and Silhouette index, are optimized simultaneously. The effectiveness of the proposed approach, namely self-
organizing map based multi-objective document clustering technique (SMODoc clust) is shown in automatic classification
of some scientific articles and web-documents. Different representation schemas including tf, tf-idf and word-embedding are
employed to convert articles in vector-forms. Comparative results with respect to internal cluster validity indices, namely,
Dunn index and Davies-Bouldin index, are shown against several state-of-the-art clustering techniques including three multi-
objective clustering techniques namely MOCK, VAMOSA, NSGA-II-Clust, single objective genetic algorithm (SOGA)
based clustering technique, K-means, and single-linkage clustering. Results obtained clearly show that our approach is better
than existing approaches. The validation of the obtained results is also shown using statistical significant t tests.

Keywords Clustering · Cluster validity indices · Self Organizing Map (SOM) · Differential Evolution (DE) · Polynomial
mutation · Multi-objective Optimization (MOO)

Introduction

Background

Document clustering [1] refers to partitioning of a given
collection of documents into various K-groups based
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on some similarity/dissimilarity criterion so that each
document in a group is similar to other documents in the
same group. Various applications of document clustering
include: extraction of relevant topics [12], organization of
documents as in digital libraries [63], creation of document
taxonomy [22] such as in Yahoo, document summarization
[25] etc. For the purpose of clustering, the value of K

may or may not be known a priori. To determine the value
of K in the collection of documents, traditional clustering
approaches [44] like K-means [31], bisecting K-means [59],
hierarchical clustering techniques [31] are required to be
executed multiple times with various values of K. The
qualities of different partitionings are measured with respect
to some cluster validity indices, measuring the goodness of
a partitioning by monitoring different intrinsic properties
of clusters. Finally, the partitioning which corresponds to
the optimal value of any cluster validity index is selected
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as the final partitioning. Davies-Bouldin (DB) index [17],
Silhouette index (SI) [53, 58], Xie-Beni (XB) index [51],
Pakhira-Bandyopadhyay-Maulik (PBM) [47] index etc. are
some popularly used cluster validity indices. Cluster validity
indices which do not support overlap between clusters
are called crisp indices. Examples include Davies-Bouldin
index [17], Silhouette index [53, 58]. Some cluster validity
indices are called fuzzy indices which support the overlap
between clusters, for example, Xie-Beni index [51], Pakhira
- Bandyopadhyay-Maulik index [47].

The Existing traditional clustering techniques implicitly
optimize an internal evaluation function or objective
function. These objective functions in general measure the
compactness of clusters [37], spatial separation between
clusters [37], connectivity between clusters [52], density or
cluster symmetry [51]. But in real life, all these properties
cannot be captured using a single objective function.
Also, for a given data set possessing clusters of different
geometrical shapes (like hyper-spherical, convex etc.), use
of a single objective function measuring the cluster quality
may not be suitable for determining all types of clusters.
Application of any multi-objective optimization technique
[10, 18] optimizing different cluster validity indices appears
to be an alternative and promising direction in clustering
research in recent years. This motivates researchers to
develop some multi-objective based clustering algorithms
[4, 53, 60]. Also, determining the appropriate number
of clusters from a given data set in an unsupervised
way is another important consideration. Simultaneous
optimization of multiple cluster validity indices can also
address this issue. Most of the existing multi-objective
clustering approaches utilize different types of evolutionary
techniques (EAs) as the underlying optimization strategies.
Some of the examples of EAs are particle swarm
optimization (PSO) [33], genetic algorithm (GA) [35],
differential evolution (DE) [60] etc.

In [5], GCUK (genetic clustering with unknown K), an
automatic clustering approach was proposed. It optimizes
a single cluster validity index, Xie-Beni index [44] and
is able to detect only hyperspherical shaped clusters. In
[8], a symmetry distance-based automatic genetic clustering
algorithm, namely VGAPS clustering, was proposed, which
detects the number of clusters as well as the optimal
partitioning from a data set in an automated way. However,
it also optimizes a single cluster validity measure, point
symmetry distance based Sym index [6] and can detect only
point symmetric clusters. Both GCUK [5] and VGAPS [8]
are popular automatic clustering techniques. They are rarely
applicable to different kinds of data sets having various
characteristics. In order to detect clusters having different
shapes/sizes/convexities, in recent years, some symmetry
based automatic multi-objective clustering techniques [51,
53] are proposed by one of the co-authors of this paper.

These algorithms utilize archived multi-objective simulated
annealing [10] process as the underlying optimization
technique. All these clustering techniques utilized a newly
developed symmetry based distance [6] for assigning
points to different clusters. Handl et al. [28] developed
an automatic multi-objective clustering technique, MOCK.
The major limitation of MOCK is that it can determine only
some well-separated and hyper-spherical shaped clusters
and was not able to detect overlapping clusters. Moreover,
the complexity of MOCK increases linearly with the
increase in the number of data points. Some multi-
objective clustering techniques using differential evolution
algorithm [49] as the underlying optimization strategy were
proposed in [16] and [60]. Experimental results reported in
those works clearly showed that differential evolution has
faster convergence rate as compared to other evolutionary
algorithms and can serve as better optimization strategy for
devising any multi-objective clustering technique. Although
all the above discussed clustering techniques are automatic
in nature, their applications are shown only for partitioning
some artificial and real-life numeric data sets. Also, all these
algorithms used normal reproduction operators as used in
the single objective differential evolution process.

Recent years have witnessed some works on document
classification. Steinbach et al. [59] had made a compar-
ative performance study of different document clustering
techniques, including K-means [31] and bisecting K-means
[32], for clustering different document data sets. Xu et
al. [64] have used the non-negative matrix factorization of
the term-document matrix for document clustering where
the number of topics is required to be known beforehand.
Authors of [64] assumed that the number of clusters and
the number of topics are known in advance. However, these
assumptions are not realistic as the correct value of the num-
ber of clusters/topics depends on data distribution which
is difficult to approximate in case of document-collection.
Moreover, domain knowledge should be acquired for cor-
rectly estimating the value of the number of clusters/topics.

Recently, [2, 27] reported some bio-inspired works of
text-summarization. They have developed single document
text summarization systems for Arabic and Punjabi texts.
The proposed clustering technique of the current paper can
be easily applied for text-summarization by first performing
clustering of sentences (considering each sentence as a
document) present in the document and then extracting
the most important sentences from each cluster to obtain
the summary. In [54], a plagiarism detection system
is developed using semantic and syntactic information
present in text documents. Chen et al. [15] developed an
approach for Chinese text document classification based
on semantic topics. Our proposed approach which is
unsupervised in nature can also be used for the similar
task.
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In [55], an algorithm similar to the proposed auto-
matic clustering technique is developed by co-authors of
this paper. But the application of the approach [55] was
shown only for clustering some artificial low-dimensional
numeric data sets. The current paper has proposed a
cognitive-inspired multi-objective clustering framework for
automatically partitioning a given collection of scientific
documents exploiting syntactic and semantic information to
identify possible subtopics. In other words, the approach
discussed in [55] is extended to solve a real-life problem,
scientific document clustering. An automatic categoriza-
tion of scientific documents is important for several tasks
including scope detection of journals/conferences, devel-
opment of some automated peer-review support systems,
topic-modeling, etc. Scientific documents in general, are of
varying complexities and categories are highly overlapping
in nature. Various pre-processing steps are required to be
applied to clean the documents. For example, removal of
most frequent words, e.g., is, am, are etc., stemming [57]
etc. In order to further process the data, various representa-
tion schemas like tf-idf [43], word2vec [39, 45] and Glove
[48] are applied to convert documents into numeric vec-
tors. These representations are popular and were used in
several recently published [38, 40] cognitive-inspired works
on sentiment analysis. Finally, these vectors are grouped
into different categories using a newly developed clustering
technique.

Motivation

In this section, we describe the motivation behind devel-
oping the current automatic document clustering technique
utilizing the power of SOM in designing some new repro-
duction operators.

1) Literature survey reveals that in the field of document
clustering, there is no work which can automatically
estimate the number of clusters and the appropriate
partitioning from a document collection of varying
complexities.

2) In recent years, the researchers are working towards
utilizing the potentiality of self-organizing map [29,
34] in developing some new reproduction operators as
opposed to traditional reproduction operators used in
evolutionary techniques. Some evolutionary algorithms
like SOMEA/D [65] and SMEA [66], are developed
in recent years utilizing the above concepts and are
successfully validated on standard benchmark datasets
[26]. It was shown that these algorithms perform better
than other state-of-the-art evolutionary algorithms.

Motivated by these, current paper proposes a novel self-
organizing map based automatic multi-objective document
clustering technique, namely SMODoc clust. Some new

genetic operators utilizing the neighborhood information
extracted using SOM are incorporated in the proposed
approach. SOM [29, 34] is a special type of artificial neural
network which learns from the data in an unsupervised way.
It maps high dimensional input space to low dimensional
output space and preserves the topological properties of the
input data. In our proposed clustering based framework, first
SOM is trained using the solutions present in the current
population. In order to apply genetic operator on a given
solution, the closer (neighboring) solutions identified by
SOM in the topographical map are extracted and only these
extracted solutions can take part in generating high-quality
new solutions.

The proposed clustering approach is automatic in nature
as it can determine the number of clusters present in a
dataset automatically. Center-based encoding is used in
the current approach where a set of cluster centers are
coded in the form of a chromosome. The number of clus-
ter centers present in different chromosomes varies over
a range. In order to measure the quality of a partitioning,
different internal cluster validity measures are deployed.
The values of these different cluster validity indices are
simultaneously optimized using the search capability of
multi-objective DE. In order to show the efficacy of the
proposed clustering technique, the problem of document
classification is considered. Two data sets containing some
scientific articles with varying complexities and a data set
containing some web-documents are chosen for the pur-
pose of evaluation of the proposed clustering technique.
In order to represent the articles in the form of vectors,
different representation schemas like tf [43], tf-idf [43],
word embeddings [39, 45, 48] are exploited. Similar to any
MOO-based approach, our proposed clustering approach
also generates a set of solutions on the final Pareto optimal
front. A single solution can be selected by the user depending
on the requirement. In the current study, a single best solution
is selected using some internal cluster validity indices, namely
Dunn Index [44] and Davies-Bouldin index [17]. The
obtained partitioning results are compared with those
obtained by some existing state-of-the-art clustering tech-
niques namely, MOCK [28], AMOSA based multi-objective
clustering (VAMOSA) [51], NSGA-II based multi-objective
clustering technique (NSGA-II-Clust) [9, 23], single objec-
tive genetic algorithm (SOGA) based clustering [7], K-
means [31] and single-linkage [31] clustering approach with
respect to different performance measures.

In a part of the paper, we have also shown the
utility of incorporating SOM-based genetic operators
in the clustering process. A multi-objective DE-based
clustering approach (without using SOM-based operators),
MODoc clust, is implemented and the results by this
approach are compared with the results obtained by the
proposed SMODoc clust (with SOM based operators). The
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comparative study evidently indicates the effectiveness of
SOM based operators in the proposed clustering framework.
Furthermore, in order to show the superiority of our
proposed clustering approach, statistical t tests guided by
[21] are also conducted.

Key Contributions

The key contributions of the proposed clustering technique
are summarized below :

1. The proposed clustering approach, namely SMOD-
oc clust is the fusion of self-organizing map and multi-
objective differential evolution approach [60].

2. The proposed approach with variable length chromo-
somes is capable of automatically detecting the number
of clusters from any given data set.

3. In the proposed framework, two cluster validity
indices, PBM index [47] and Silhouette index [53,
58] are simultaneously optimized for the automatic
determination of the appropriate number of clusters and
also to improve the quality of clusters.

4. Some new genetic operators are proposed in the
framework of multi-objective DE. The mating pool
constructed for crossover operation given a solution
only contains the neighboring solutions identified by
SOM. For the training of SOM, the solutions of the
current population are utilized. The constructed mating
pool takes part in generating some new solutions.

5. The results of the proposed technique are shown for
clustering two document data sets containing scientific
articles with varying complexities and a document data
set containing some web-documents. The experimental
results evidently prove that the proposed clustering
technique performs well for document classification.

The rest of the sections are organized as follows.
“Background” briefly reports on the self-organizing map
and the definitions of cluster validity indices used in this
paper. “Proposed Methodology” demonstrates the proposed
methodology. “Data Sets Used” discusses the data sets
used. “Comparing Methods” describes state of the art
techniques used for comparison. The experimental results
and the significance of proposed approach are summarized
in “Experimental Setup and Results”. Finally, “Conclusions
and Future Works” concludes the paper.

Background

Self OrganizingMap

Self Organizing Map [29, 34] or SOM developed by
Kohonen is a type of artificial neural network which

learns the data presented to it in an unsupervised way.
It generates a low-dimensional output space for the given
input space which is consisting of high-dimensional training
data. Usually, low-dimensional space (also called an output
space) consists of a 2-D regular grid of neurons. These
neurons are called as map units. Let S be a set of training
data in n-dimensional space, then each map unit u ∈ D
(number of map units) has:

1. a predefined position in the output space: zu=(zu
1, zu

2)

2. a weight vector wu = [wu
1 , wu

2 ....wu
n], where n is the

input vector dimension, u is the index of map unit in
2-dimensional Map

Figure 1 shows the typical architecture of SOM. In this
example, input space and output space are n− dimensional
and 2-dimensional, respectively.

The main principle of SOM is to create a topographical
map such that input patterns which are similar in nature
in the input space map to neurons next to each other. In
our work, the sequential learning algorithm [29] is utilized
for the training of SOM as shown in Algorithm 1. This
algorithm returns the updated weight vectors of different
map units at the output. Before training of SOM, there is
a need to assign a weight vector to each neuron, randomly
chosen from the available training data. At each iteration,
when an input pattern is presented to the grid, then weight
vector of the winning neuron (closer to presented input
pattern) and neighboring neurons are updated to make them
close to the input pattern.

Cluster Validity Indices

Cluster validity indices measure the quality of a partitioning
obtained using a given clustering technique. These indices
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Fig. 1 SOM Architecture (taken from [56]). Here xp = x
p

1 , x
p

2 .....xp
n

is the input vector, Z1 and Z2 denote the axis of 2-D Map, wu is the
weight vector of uth neuron

also help in determining the correct number of clusters from
a dataset in an iterative way. Generally, there are two types
of cluster validity indices:

1. External Cluster Validation Indices: These indices
require external knowledge provided by the user
(ground truth/ original labels) to measure the goodness
of obtained partitioning. Minkowski Scores [51],
Adjusted Rand Index [60] etc. are some examples of
external validity indices.

2. Internal Cluster Validation Indices: These indices
generally rely on the intrinsic structures of the data
and do not require ground truth labels. Most of
the internal validity indices measure the intra-cluster
distance (compactness within clusters) and inter-cluster
separation (separation between clusters). Silhouette
index (SI) [53, 58], Dunn index (DI) [44], Davies-
Bouldin index (DB)[17], Xie-Beni (XB) index [51],
PBM index [47] etc. are some popular internal cluster
validity indices.

Out of these indices, PBM index [47], SI [53], DI
[44] and DB [17] index are used in this paper. Note that
all these indices are internal cluster validity measures.
The formal definitions of these indices are presented in
Table 1.

ProposedMethodology

In this paper, we have proposed a new multi-objective
document clustering (SMODoc clust) technique to auto-
matically determine the appropriate partitioning from a
collection of text documents. The flow-chart of the proposed
architecture is shown in Fig. 2. Several new concepts are

incorporated in the framework of the proposed clustering
technique. SMODoc clust utilizes the DE [66] frame-
work as the underlying optimization technique for deter-
mining the optimal partitioning. The basic operations of
SMODoc clust are described below.

Solution Representation and Population
Initialization

In SMODoc clust, solutions encode a set of different cluster
centers. As the proposed algorithm attempts to determine
the optimal set of cluster centers that can partition the
document dataset appropriately, the number of cluster
centers encoded in different solutions are varied over a
range. The number of clusters is varied between 2 and√

N , where N is the total number of points (documents).
To generate ith solution, a random number (Ki) is selected
between two values, i.e., Kmin = 2 and Kmax = √

N

and these Ki number of initial cluster centers are chosen
randomly from the dataset. As these solutions take part
in SOM training to learn the distribution pattern of the
population, lengths of input vectors (solution) and weight
vectors of neurons are kept equal. Therefore, variable length
solutions are converted to some fixed length vectors by
appending zeros at the end. If F indicates the number
of features in the dataset, then maximum length of the
solution can be (K × F + l), where K is the number
of clusters present in a solution, l is the number of
appended zeros lying between ‘0′ and (K × F − 2 ×
F). Here, we have subtracted 2 × F because there must
exist at least two clusters in the dataset. In terms of
data points, the maximum length of a solution can be√

N*F.
This set of solutions with the varying number of clusters

forms the initial population. In order to obtain a partitioning
corresponding to a solution in the population, steps of K-
means clustering technique [31] are executed on the whole
data set considering the cluster centers encoded in the solu-
tion as initial cluster centers. Each point is assigned to that
center which is at a minimum Euclidean distance among
all the centers encoded in the chromosome. Finally, clusters
are identified and the averages of the points belonging to
individual clusters are calculated. These are used to replace
the old centers present in a solution/chromosome. Popula-
tion (P) initialization step is shown in Fig. 3 and an example
of solution encoding is given below.

Example Let K=3, F=2, N=16. Let three centers
be C1 = (2.3, 1.4), C2 = (7.6, 12.9) and C3 =
(2.1, 3.4). Here, maximum length of solution=

√
N ×

F=(4 ∗ 2)=8. Then, solution will be represented as
{(2.3, 1.4, 7.6, 12.9, 2.1, 3.4, 0.0, 0.0)} which encodes three
cluster centers, with l = 2.
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Table 1 Definitions of Cluster validity measures/indices

Measure Definition Description Optimization type

PBM index [47] PBM =
(

1
K

X E1
EK

XDK

)2
-K : number of clusters; Maximum

EK = ∑K
s=1 Es -EK : total within-cluster scatter;

Es = ∑N
j=1 μsj ‖ xj − cs ‖2 -N : number of data points;

E1 = ∑
x∈X ‖ x − c ‖2 -[μsj ]K×N : membership matrix of the data;

DK = maxK
i,j=1,i �=j ‖ ci − cj ‖2 -cs : sth cluster center;

-c: cluster center of the whole data set;

-DK : maximum separation between clusters

Silhouette Index (SI) [53] SI = 1

N

N∑
i=1

(
zi2 − zi1

max(zi2, zi1)

)
-N : number of data points; Maximum

-zm1: average distance of a point xm

belonging to kth cluster to the remaining

points of the same cluster;

-zm2: minimum of the average distances

of the same point xm from points belonging

to other clusters.

Dunn Index (DI) [44] DI = minCk,Cl∈�,Ck �=Cl
(mini∈Ck,j∈Cl

dist (i, j))

maxCm∈� diam(Cm)
-i and j denote the data points; Maximum

-� : any clustering algorithm;

Ck, Cl, Cm: different clusters;

-diam(Cm) : the diameter of mth cluster

calculated using the Euclidean distance

between two points of the same cluster.

Davies-Bouldin Index DB = 1
K

∑K
i=1 Di -Mi,j be the separation between the ith Minimum

(DB) [17] Di = maxi �=j Ri,j and the j th cluster;

Ri,j = Si+Sj

Mi,j
-Si : within-cluster scatter for cluster i;

-K: number of clusters

2. Initialize SOM Training data S 

Where S <-- P

No. of neurons=|P|

Neuron’s weight: (w1
, w

2…w
P
) <-- P

Yes

No

g< gmax
11. Update SOM training 

Data (S <-- P\A)

10. Select best |P| solutions

1. Population 

Initialization (P)

Exit

5. Generate new solutions utilizing 

extracted neighborhood relationship for 

each solution

6. Apply K-means clustering using new 

solution centers generated in Step-5 and 

form new population P`

4. Extract neighborhood relationship 

(Q) for each solution using SOM and set 

A<-- P

7. Calculate objective functional values 

of P`

8. Merge old population P and new 

population P`

9. Apply Non dominated sorting and 

crowding distance algorithm 

3. SOM Training

12. Obtained the set of 
Pareto op�mal Solu�ons

13. Select the best solu�on 

Fig. 2 Flow chart of proposed algorithm for automatic multi-objective document clustering. Here, P: population containing solutions, |P |: size of
the population, wi : weight vector of ith neuron, gmax : maximum number of generations, A: archive (copy of population P), Q: Mating pool
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1. Randomly choose no. of 

clusters Ki

Ki=(rand () mod (Kmax-1)) +2

3. Points are

assigned to different 

clusters using K-

means algorithm

2. Randomly select

Ki cluster centers 

from data points

5. Convert variable 

length strings to fix 

length strings to form 

population P

4. Calculate two objective 

functions of various 

clusters (PBM and 

Silhouette index)

Fig. 3 Steps of population initialization

Calculation of Euclidean Distance and Neuron’s
Weight Updation

To learn the distribution pattern of the population and to find
the neighborhood relationship among these solutions, SOM
is utilized in our approach. It is trained using the solutions
in the population. As the lengths of different solutions are
same in the population after padding zeros between “0” and
(K × F − 2 × F), therefore, during Euclidean distance
calculation between input solution and neuron’s weight
vector, only minimum number of features available in both
the vectors are considered.

Example Let F = 2 and the maximum length of the
solution be 8 for N=16. Consider a vector be {(m, n, q, p,

0, 0, 0, 0)} having K1 = 2 and second vector be {(w, x, y,

z, a, b, 0, 0)} having K2 = 3. Then during distance
calculation or weight updation, only {min(K1, K2) ∗ F }
number of features are considered and other features are
ignored.

Objective Functions Used

Proposed clustering framework follows the concepts of
multi-objective optimization which is capable of optimizing
more than one objective functions (cluster validity mea-
sures) simultaneously. In order to measure the goodness of
the partitioning encoded in a solution, two internal clus-
ter validity indices, Pakhira-Bandyopadhyay-Maulik (PBM)
index [47] and Silhouette index (SI) [53, 58] are calcu-
lated and those are used as the objective functions of the
current solution. Note that these two objective functions
measure separation and compactness between the parti-
tionings in two different ways. The superiority of PBM
index over other cluster validity indices, namely, Dunn
index [44], Davies−Bouldin index [17] and Xie–Beni index
[51] in determining the appropriateness of clusters is estab-
lished in [47]. While in [3], Silhouette index is compared
with 29 other cluster validity measures (excluding PBM
index) namely Davies−Bouldin index [17], Gamma index,
C index, Dunn index [44], Xie–Beni index [51] etc. and it
was found that Silhouette index achieved highest success
rate compared to others. Inspired by these existing literature,
PBM Index and Silhouette index are incorporated in our
proposed framework as the objective functions. Formal defini-
tions of these objective functions are available in Table 1.

Extracting Closer Solutions using Neighborhood
Relationship of SOM

The nearby solutions for the current solution are identified
using neighborhood relationship (NR) of SOM which is
trained using the solutions in the population. This set of
nearby solutions form the mating pool, Q, for the current
solution. Only these solutions can take part in mating to
generate a new solution from the current solution. Series of
steps to construct the mating pool, Q, for the xcurrent ∈ P

are described in Algorithm 2 [55]. Firstly winning neuron
“b” for the current solution needs to be selected (Line
1). Thereafter neighboring neurons near to “b” and the
corresponding mapping solutions ∈ P are extracted to form
the mating pool (Line 2). The neighboring (closer) solutions
present in the mating pool for the current solution can
take part in the reproduction operation to generate a new
solution. Different parameters used in the algorithm are- P:
the population containing solutions (x1, x2, . . . , x|P |), γ :
threshold probability for selecting the neighboring solution,
D: distance matrix formed using position vectors of neurons
in the grid, H: mating pool size and xcurrent : current solution
for which the mating pool is generated.

Example Let us assume that we have to generate a new solu-
tion for the current solution, 	xcurrent . Firstly a mating pool is
required to be constructed. The number of neurons in SOM
grid are 8 having index values {0, 1, 2, 3, 4, 5, 6, 7} with
position vectors {(0, 0), (0, 1), (0, 2), (1, 0), (1, 1), (1, 2),

(2, 0), (2, 1), (2, 2)}, respectively. To build the mating pool,
firstly the winning neuron corresponding to 	xcurrent is
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determined using the shortest Euclidean distance criterion.
Let it be the 4th neuron. Secondly, the Euclidean distances
between 4th neuron and other neurons are required to be
calculated using position vectors of the neurons, which
are [1.414, 1, 1.414, 1, 0, 1, 1.414, 1, 1.414] (with respect
to neuron indices {0, 1, 2, 3, 4, 5, 6, 7}). After that the cal-
culated distances are sorted in ascending order and corre-
spondingly neuron indices are recorded, i.e., after sorting
we obtain the list of distances as [0, 1, 1, 1, 1.414, 1.414,

1.414, 1.414] with corresponding neuron index values as
J=[4, 1, 3, 5, 0, 2, 6, 7]. Consider the mating pool size (H)
as 4. Now a random probability “r” is generated. If “r” is less
than some threshold probability, γ , then solutions mapped
to H neurons having indices [1, 3, 5, 0] will form the mat-
ing pool. This further helps in exploitation. Note that here
we have excluded first neuron index in the sorted list as it
represents the winning neuron and distance of winning neu-
ron with itself will always be zero. If “r” is greater than
some threshold probability, γ , then all solutions in the pop-
ulation will form the mating pool. This step helps in the
exploration of the search space to find the optimal solution.
In our approach, it is assumed that each neuron should map
to one solution so that similar input samples can be nearby
to each other.

Offspring Reproduction

In the previous step, the mating pool was constructed
which can take part in crossover and mutation operations
to generate a new solution. The detailed algorithm for
generation of the new solution is shown in Algorithm 3.
First, the crossover operator of differential evolution (DE)
[49, 55] is used to generate the trial solution (Line 2) and
then a repair mechanism is adapted to ensure the feasibility
of the generated solution (Line 3). The lower and upper
boundaries of the solutions present in a population are
utilized in converting a solution into a feasible one. Finally,
mutation operation is applied to that solution (Line 4). Some
modifications are incorporated in DE algorithm. Firstly
during trial solution generation y ′, only {Kxcurrent ∗ F }
feature values of the current solution are considered for
distance computation while others are treated as zero, where
Kxcurrent is the number of clusters for the current solution,
F is the number of features in the data set. Trial solution
generation process is shown in Fig. 4. Secondly, instead of a
single mutation operator, three types of mutation operations
are used which are—normal mutation (here polynomial
mutation [19] is used as normal mutation), insert mutation
and delete mutation. Polynomial mutation operator is
used in generating a highly disruptive mutated vector to
explore the search space in any direction. This further
assists in converging towards an optimal set of cluster
centers.

Use of different types of mutation operators aids
in locating the appropriate number of clusters and the
appropriate partitioning efficiently. Any of these mutation
operations can be selected based on probability MP which
is generated with a uniform distribution lying in a range
[0, 1] as similar to Ref. [51]. If MP < 0.6 then normal
mutation is selected, else if 0.6 ≤ MP < 0.8 then
insert-mutation is adopted, else deletion mutation is applied.
Details about these mutation operations are discussed in
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Fig. 4 Generation of trial solution

Line-4 of Algorithm 3 and examples of these different types
of mutation operations are shown in Fig. 5.

It should be noted that in case of (a) normal mutation,
the number of clusters for new solution y will remain same
as Kxcurrent , i.e., Ky = Kxcurrent . (b) insertion mutation:
number of clusters for new solution increases by 1, i.e.,
Ky = {Kxcurrent +1}. (c) delete mutation: number of clusters
for new solution decreases by 1, i.e., Ky = {Kxcurrent − 1}.
After generating the new solution, the following additional
steps are required to be applied to obtain the final solution.

1. The steps of K-means clustering algorithm are applied
to the new solution generated using Algorithm 3. The
centers present in the new solution will be considered
as the initial set of cluster centers before application of
K-means algorithm.

2. Cluster centers obtained after execution of the K-means
algorithm are encoded into the new solution. Next,
PBM and SI index values are calculated as the objective
functions.

The following symbols are used in the algorithms : (a)
F1 and CR (crossover probability) which are control
parameters of DE. The ranges for F1 and CR are [0, 2]
and [0, 1], respectively. (b) pm is the normal mutation
probability for each component of a solution; MP is the
current solution (xcurrent )’s mutation probability and it
decides the type of mutation to be performed, ηm denotes

the distribution index of polynomial mutation. Note that
higher the distribution index, more diverse is the generated
solution.

Example Let F=2, xcurrent = {x11, x12, x13, x14, x15, x16,

0, 0}, Kxcurrent = 3 and Q (Mating Pool) consists of three
solutions which are {x21, x22, x23, x24, x25, x26, 0, 0},
{x31, x32, x33, x34, x35, x36, x37, x38}, {x41, x42, x43, x44,

0, 0, 0, 0}. Then at the time of generating a trial solution y
′

(Step-2), only Kxcurrent × F = 3 × 2 = 6 features of all
the solutions are considered as the current solution has only
6 features. The remaining features are treated as zero as
shown in Fig. 4. To make the solution feasible, trail solution
undergoes repairing using the lower and upper boundaries
of the population and then mutation is applied based on
some random probability, MP, as shown in Fig. 5.

Selection Operation

In “Offspring Reproduction,” after generating offspring
(new solution) for each solution in the population P , a new
population P ′ is formed. This is further merged with the old
population, P . As |P |=|P ′|, size of the merge population
will be 2 × |P |. In the next generation, only best |P |
solutions (in terms of diversity and convergence [20]) of
the merged population are retained, while the rest of the
solutions are discarded. This operation is performed using
non-dominated sorting and crowding distance algorithm of

Fig. 5 Generation of new
solution. Here rand() is a
function which generates some
random number between 0 to 1
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the Non-dominated sorting genetic algorithm (NSGA-II)
[20].

1. Non-dominated sorting algorithm: It sorts the solutions
based on the concepts of domination and non-
domination relationships in the objective functional
space and ranks the solutions. It divides the solutions
into k-fronts, F = {Front1, F ront2...Frontk} such
that Front1 contains higher ranked solutions and
Frontk contains lower ranked solutions. Each front
contains a set of non-dominated solutions. For example,
in Fig. 6, solutions are ranked as shown in the Pareto-
optimal front (or surface). After this step, top ranked
solutions are selected and those are added to the
population to proceed for the next generation. This
process is continued until the number of solutions added
equals to |P |. If the number of solutions added exceeds
|P |, then crowding distance algorithm is applied to
select the required number of solutions.

2. Crowding distance algorithm: The crowding distance
cdi of ith solution in a Frontk is computed as follows:

(a) for i = 1, 2......|Frontk|, initialize cdi = 0
(b) For each objective function fm, m = 1, 2...M , do

the following:

i. Sort the set Frontk according to fm in
ascending order.

ii. Set cd1=cd|Frontk |=∞
iii. for j = 2 to (|Frontk| − 1), set cdj =

cdj + (fm(j + 1) − fm(j − 1)/(f max
m −

f min
m )

Fig. 6 Representation of dominated and non-dominated solutions.

Where f max
m and f min

m are the maximum
and minimum mth objective functional
values, respectively, M is the total
number of objective functions.

Example Let |P |=3 and the two objective functional
values are (1, 2), (4, 2.5), (3, 4.5) for solutions e, d and c,
respectively. After generating 3 new solutions f, a and b,
let their objective functional values be (2, 1), (5, 5), (6, 4)

respectively. Suppose both the objective functions have to
be maximized. After merging, total number of solutions
will become 6 and for next generation, 3 solutions have
to be selected. First these solutions are ranked based
on dominance and non-dominance concept. Thus, ranked
solutions are {(5, 5), (6, 4)} for rank-1; {(3, 4.5) , (4, 2.5)}
for rank-2 and {(1, 2), (2, 1)} for rank-3. As rank-1 includes
two solutions, therefore they will be propagated to the next
generation. Out of all rank-2 solutions, (3 − 2) = 1 solution
needs to be included in the next generation. Therefore, to
select (3 − 2) = 1 solution, crowding distance operator is
applied to rank-2 solutions and thus (3 − 2) = 1 solution is
selected having highest crowding distance.

Termination Condition

The process of generating new solutions and then selection
of best |P | solutions for next generation will continue
until a maximum number of generations, gmax , is reached.
The final Pareto optimal set contains a set of optimal
solutions.

Selection of a Single Solution Based on User
Requirement

Any multi-objective algorithm produces a large number
of equally important (called as non-dominated) solutions
on the final Pareto optimal front. All these solutions
represent different ways of clustering the given data set.
But sometimes decision-maker wants to select only a
single solution based on his requirement or to report the
performance of the algorithm. Therefore, in this paper
to select a single solution from the Pareto optimal front,
we have used some internal cluster validity indices. Two
experiments are conducted. In the first experiment, Dunn
Index (DI) [44] is used to select the single solution from the
final Pareto front. Definition of Dunn Index suggests that
a higher value indicates better partitioning. Thus we have
calculated the DI values for all the partitioning solutions
present on the final Pareto front and the solution having
the highest value of DI is reported here. Formal description
of Dunn index is given in Table 1. In another experiment,
Davies-bouldin index (DB) [17] is utilized for selecting a
single solution. DB-index value should be minimized for
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Fig. 7 Word Cloud of a NIPS
2015; b AAAI 2013; c WebKB
datasets

getting the optimal partitioning. Thus, we have reported that
solution which corresponds to the minimum value of DB-
index. Selection of the best solution is shown in step-13
of Fig. 2. This step is different from step-10 which shows
that after merging old P and the new population P ′, only
those solutions are selected for the next generation which
are non-dominated to each other and are well-distributed
over different fronts.

Data Sets Used

In order to show the efficacy of the proposed algorithm,
we have chosen the problem of clustering of Scientific Arti-
cles [14] which is a type of natural language processing
task. Researchers submit their articles to different confer-
ences/journals. After that, it is essential to cluster the doc-
uments into some groups based on their contents/research
topics. This can help the editor to decide about the review-
ers. Some conferences/journals ask about the general key-
words to decide about the reviewers during submission.
But if authors have not selected the keywords correctly, the
approach can fail. The current work provides an alternative
solution by forming the partitioning of similar journal arti-
cles based on their topics/contents. In order to represent an
article in the form of a vector, different encoding schemas
like tf [43], tf-idf [43], word2vec [39, 45, 61], glove [48] are
employed. These scientific articles consist of Title, Abstract,
Keywords etc.

In order to show the efficacy of the proposed clustering
technique in handling some other type of documents, a
data set containing some web-documents is also considered

during experimentation. Detailed descriptions of the data
sets used in the current study are given below:

NIPS 2015

This data set is taken from kaggle site.1 This contains
403 articles published in Neural Information Processing
Systems (NIPS) conference which is an important core
ranked conference in the machine learning domain. It
has topics ranging from deep learning, computer vision
to cognitive science and reinforcement learning. This
dataset includes paper id, title of the paper, event type
(poster/oral/spotlight presentation), name of the pdf file,
abstract, paper text; out of which only, title, abstract and
paper text are used during our experimentation. Here, most
of the articles are related to machine learning and natural
language processing. The corresponding word cloud is
shown in Fig. 7a.

AAAI 2013

This data set is taken from UCI repository [41] which
contains 150 accepted articles from another core ranked
conference of AI domain, namely AAAI 2013. Each
of the papers is having the following information: title
of the paper, topics (author-selected low-level keywords
from conference-provided list), keywords (author-generated
keywords), abstract and high-level keywords (author-
selected high-level keywords from conference-provided

1https://www.kaggle.com/benhamner/
exploring-the-nips-2015-papers/data

https://www.kaggle.com/benhamner/exploring-the-nips-2015-papers/data
https://www.kaggle.com/benhamner/exploring-the-nips-2015-papers/data
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list). Most of the articles are related to artificial intelligence
like multiagent system, reasoning and machine learning like
data mining, knowledge discovery etc. The corresponding
word cloud is shown in Fig. 7b.

WebKB

In order to show the potentiality of our approach, we have
also used the out-domain dataset such as WebKB, in which
documents are web pages, not scientific articles. WebKB
[13] data set is consisting of web pages collected from
computer science departments of 4 different universities,
which are Texas, Cornell, Wisconsin, and Washington. In
this paper, we have used total of 2803 documents out of
4199 documents. The corresponding word cloud is shown
in Fig. 7c.

ComparingMethods

In order to illustrate the efficacy of the proposed clustering
technique, SMODoc clust, results are compared with
several existing clustering techniques having different
complexity levels. The approaches we have selected for
comparison are traditional clustering techniques like K-
means [31], single-linkage [31], SOGA (Single Objective
Genetic Algorithm) based clustering [7], MOO-based
clustering approach namely, MODoc clust without using
SOM based reproduction operator, MOCK [28], AMOSA
based multi-objective clustering technique, VAMOSA [51]
and NSGA-II based multi-objective clustering technique
[9]. K-means and single-linkage clustering algorithms are
some simple and well-known clustering algorithms having
limited computational complexity and they assume that
the number of clusters present in a data set is known
beforehand. Note that our proposed clustering technique is
automatic in nature. It determines the number of clusters
automatically from a given data set. For K-means and single
linkage clustering algorithms, the number of clusters is fixed
to K where K is the value of the optimal number of clusters
determined by the proposed approach, SMODoc clust.

MODoc clust

MODoc clust, multi-objective based evolutionary algorithm
for document clustering, is developed similar to our
proposed clustering approach without utilizing the SOM-
based genetic operators. It is also able to detect the
appropriate number of clusters automatically from a given
data set and optimizes PBM [47] and Silhouette index [53],
simultaneously. Normal DE-based genetic operators are
used during the clustering process. It is developed to show

the effectiveness of our newly designed genetic operators
utilizing SOM-based neighborhood information.

MOCK

MOCK [28] is a multi-objective clustering algorithm with
automatic K-determination and it optimizes two objective
functions (compactness and connectedness) simultaneously,
where K is the number of clusters. Note that here we have
executed MOCK with those document representations for
which our proposed approach attains good results.

VAMOSA

VAMOSA [51] is a multi-objective clustering technique
which optimizes cluster quality by utilizing two cluster
validity indices as the objective functions, namely, PBM
Index and Xie-Beni index. It is also able to determine
the number of clusters, K, in an automated manner.
Here, K lies between [2,

√
N ], N is the number of data

points. It uses AMOSA [10] as the underlying optimization
technique, which was developed inspired by annealing
behavior of metals. In original VAMOSA, a point symmetry
based distance was utilized for assigning data samples to
different clusters. As computation of point symmetry-based
distance is a time-consuming task, and also to make a
fair comparison with other approaches used in the current
study, we have used Euclidean distance in VAMOSA for the
purpose of distance computation.

NSGA-II-Clust

NSGA-II-Clust [9, 23] is a multi-objective clustering
technique similar to VAMOSA [51] which optimizes PBM-
index and Silhouette-index, simultaneously, to determine
clusters having good quality in an automated way. It is
also capable of determining the number of clusters, K,
without human participation. The value of K varies between
[2,

√
N ], N is the number of data points. It uses NSGA-

II [20] as the underlying optimization strategy. In [9],
this algorithm was successfully applied to solve image
segmentation problems.

SOGA

SOGA [7] is a single objective clustering technique utilizing
the search capabilities of genetic algorithm (GA). GA is
utilized in optimizing a single cluster validity index. In our
experiments, SOGA-based clustering was executed multiple
times with the number of clusters varying between 2 to√

N , where N is the number of articles/documents. The
final partitioning is selected based on the maximum value
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of Dunn index as well as the minimum value of Davies-
Bouldin index.

K-means

K-means [31] is a well-known unsupervised clustering
algorithm. It assumes that the number of clusters (K) is
known apriori. Here the given dataset is partitioned into K
clusters by using the procedure of minimum center distance-
based criterion. A particular point is allocated to that cluster
with respect to which it is having the minimum distance.

Single-linkage

Single-linkage clustering [31] is a type of hierarchical clus-
tering technique, whose objective is to build a hierarchy of
clusters. Hierarchical clustering techniques can be further
divided into agglomerative and divisive algorithms corre-
sponding to bottom-up and top-down strategies to build
some clustering trees. In our experiment, agglomerative
single linkage clustering algorithm is used.

Experimental Setup and Results

This section presents the evaluation and comparison of pro-
posed approach with other state of the art techniques. In
addition, this section also discusses about various prepro-
cessing steps applied, different representation schemas used
to convert a document into a vector form, parameter settings
followed by discussion of results. Final clustering solution
is determined as per steps discussed in “Selection of a Single
Solution Based on User Requirement”. The results reported
in this section are the average values over 20 runs. All the
approaches were implemented on a Intel Core i7 CPU 3.60
GHz with 4 GB of RAM on Ubuntu. Various preprocessing
steps employed to clean the data sets are explained below:

Preprocessing

In order to clean the text data corresponding to these
scientific articles and web-documents, we have executed
several preprocessing steps including stop word removal2

(e.g., is, am are etc.), removal of special characters (like
@, ! etc.), punctuation symbols, numbers and white spaces,
removal of words having length less than three, lower case
conversion (like Computer to computer) and stemming3

[36]. Stemming [36] is the process of converting inflected
words into their morphological base forms called word

2We have used python nltk toolkit [42] to remove the stop words which
are 153 in numbers.
3Here SnowballStemmer [42] of nltk is used.

stems, base or root forms. Reason for performing stemming
is to group together the inflected forms of a word so that
they can be analyzed as a single item and can help in
clustering of documents. In addition to these preprocessing
steps, words which appear in less than 5% and in more
than 95% articles are removed. Moreover, for NIPS dataset,
we have considered title, abstract and paper texts as the
attributes for the given papers. For that purpose, topmost
5, 30, and 150 words are selected from title, abstract and
paper text, respectively, which make vocabulary size as 183.
While in case of AAAI 2013 data set, all the attributes
are used. This makes vocabulary size as 673. For WebKB
datasets, preprocessed text documents are already available
in [13] having total vocabulary of size 7229.

Representation Schemas Used

To represent the scientific/web articles in vector forms, tf
(bag-of-word model using 1-gram) [43], tf-idf [43] and most
popular representation schema, word2vec [39, 45, 61] and
Glove [48] both with varying dimensions of 50, 100, 200,
300 are used in the current study. Note that article vector is
obtained by averaging the word2vec/Glove representations
of all the vocabulary words present in the article.

Term-frequency or Term-document Count (tf)

Term-document count [43] is a type of representation for
representing text documents or any object in the form of
real vectors in which each component corresponds to the
frequency of occurrence of a particular word (called as the
weight of word) in the document. It is denoted as tft,d , the
number of times term “t” appears in document “d”).

Example Let two documents contain the following texts:

Doc1: John likes to watch movies. Mary likes movies too.
Doc2: John likes to watch football games.

Here vocabulary comprises of list of words (excluding stop
words and “.”) like: <John, likes, watch, movies, Mary,
football, games>. Now document vector is represented as:

Doc1: < 1, 2, 1, 2, 1, 0, 0 >

Doc2: < 1, 1, 1, 0, 0, 1, 1 >

tf-idf

tf-idf [24] pair is another well known scheme for weighting
the terms in a document by utilizing the concept of vector
space model [43]. After assigning tf-idf weight to each term,
document vector “v” of a document “d” can be represented
as

vd = [w1d, w2d , w3d , . . . . . . , wnd ] (1)
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where

wt,d = tft,d .

(
1 + log

1 + |D|
1 + {d ′ ∈ D|t ∈ d ′}

)
(2)

and

– tft,d is the term frequency of term t in document d in
normalized form;

– log 1+|D|
1+{d ′∈D|t∈d ′} +1 is the inverse document frequency.

|D| is the total number of documents in collection and
{d ′ ∈ D|t ∈ d ′} is the number of documents containing
term t. Here 1 is added in the numerator and in the
denominator to avoid division by zero error.

Example Consider a document consisting of 300 words
where the word cat appears 5 times. The term frequency
(i.e., “tf”) for cat is (5/300) = 0.016 (Using “l1” normal-
ization). Now, assume that we have 20 million documents
(D) and the word cat appears in two thousand (df) of D doc-
uments. Then, idf = 1 + log(20, 000, 001/2, 001) = 3.99.
Thus, the tf-idf weight of the term cat is: 0.03 ∗ 3.99 =
0.119. Similarly, document vector can be generated corre-
sponding to vocabulary <John,likes, watch, movies, Mary,
football, games> as given below

Doc1: < 0.12, 0.24, 0.12, 0.34, 0.17, 0, 0, >

Doc2: < 0.17, 0.17, 0.17, 0, 0, 0.24, 0.24 >

Word2vec

Word2vec [39, 45, 61] is a model that is used to generate
word embeddings. It effectively captures the semantic
properties of the words in the corpus. Here, we have used
gensim tool to generate word vectors of varying dimensions.
To generate the article vector, word vectors of different
words in the article are averaged.

Glove

Glove [48] provides vector-representations of words similar
to word2vec. Glove learns by constructing a co-occurrence
matrix (words X context) that basically counts how
frequently a word appears in a context and then this matrix
is reduced to lower dimension, where, each row represents
a word vector. Different dimensions (50, 100, 200, and 300)
of Glove word2vec are used for our experiment which are
already available at https://github.com/stanfordnlp/GloVe.
Note that for 50, 100, and 200 dimensions, pre-trained
glove word vectors have 400K vocabulary, while for 300
dimension, size of vocabulary is 2.2M . To generate the
article vector, word vector averaging is used similar to
word2vec representation.

Parameter Setting

MOCK [28] and SOGA [7] are executed with default
parameters (codes provided by authors). Parameter settings
of other algorithms are explained below.

1. SMODoc clust and MODoc clust: Different parameter
values used in our proposed clustering technique are
shown in Table 2. These parameters are selected
after conducting a thorough sensitivity study. It is
important to note that mutation (normal, deletion and
insertion) probabilities used here are same as reported
in the existing literature [7, 8, 10]. Same parameters
are used in MODoc clust approach (excluding SOM
parameters).

2. VAMOSA: This algorithm is executed with Tmax
=10, Tmin=0.01, SL=20, HL =10. Here, Tmax and
Tmin denote the maximum and minimum values
of temperature, respectively. SL and HL are two
parameters associated with the size of the archive. They
denote the soft-limit and hard-limit on the archive size,
respectively. Initially archive of AMOSA is initialized
with SL number of solutions. During the process,
number of solutions in the archive can be reached upto
SL. Once number of solutions crosses the threshold
SL, clustering procedure is applied to reduce this to
HL. At the end of the execution, an archive having HL
number of solutions is provided to the user. Rest of the
parameter values are kept similar as reported in [51].

3. NSGA-II-clust: Different parameters used in the
NSGA-II based multi-objective clustering are: num-
ber of generations=50, population size=50, crossover
probability=0.8, mutation strength=0.2, normal (μn),
insertion (μi) and deletion (μd ) mutation probabilities
are taken as: μn < 0.7, 0.7 < μi ≤ 0.85 and μd ≥
0.85, respectively.

Only for VAMOSA on WebKB dataset, we have varied the
range of clusters, K, between 2 to 15.

Table 2 Parameter setting for our proposed approach

Parameters Values

Maximum number of generations (gmax ) 50

Population size (P) 50

Initial learning rate (η0) 0.1

Initial neighborhood size (σ0) 2

Number of training iterations in SOM |P|
Mating pool size (H) 5

DE control parameters (F1 and CR) 0.8, 0.8

Normal mutation probability [0,0.6[

Insertion mutation probability [0.6 to 0.8[

Deletion mutation probability [0.8,1[

https://github.com/stanfordnlp/GloVe
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Table 3 Results obtained after application of the proposed clustering algorithm on text documents in comparison to other clustering algorithms
using Dunn index (DI)

Data set #N Rep. #F SMODoc clust MODoc clust VAMOSA NSGA-II-Clust SOGA K-means single-linkage

OC DI OC DI OC DI OC DI OC DI OC DI OC DI

NIPS 2015 403 tf 183 4 0.2247 4 0.1082 5 0.1058 2 0.0714 5 0.0471 4 0.0811 4 0.0698

tf-idf 183 5 0.1844 4 0.1623 7 0.1081 2 0.0738 2 0.0832 5 0.1388 5 0.1494

word2vec 50 4 0.0732 5 0.0397 2 0.0366 2 0.0121 4 0.0258 4 0.0268 4 0.0401

100 2 0.6414 6 0.0282 2 0.6121 2 0.0111 2 0.0069 2 0.0059 2 0.0116

200 2 0.5657 8 0.0445 9 0.0292 2 0.0123 2 0.0039 2 0.0090 2 0.0106

300 2 0.5723 8 0.0445 11 0.0252 2 0.1676 3 0.0048 2 0.0058 2 0.0085

glove 50 5 0.3096 5 0.2953 7 0.2674 2 0.2660 10 0.2900 5 0.2601 5 0.3124

100 5 0.3884 4 0.3714 4 0.3533 2 0.3187 8 0.3833 5 0.3103 5 0.3593

200 4 0.4104 2 0.4099 3 0.4097 2 0.3829 8 0.4068 4 0.3753 4 0.3443

300 4 0.3778 4 0.3598 7 0.3669 2 0.3539 4 0.3111 4 0.3647 4 0.3509

AAAI 2013 150 tf 673 4 0.2948 4 0.2948 4 0.2948 2 0.1860 4 0.1328 4 0.1961 4 0.2635

tf-idf 673 3 0.5352 3 0.5286 2 0.5218 2 0.5218 3 0.1431 3 0.4204 3 0.3339

word2vec 50 9 0.1805 11 0.1751 5 0.1665 2 0.1726 10 0.0521 9 0.0692 9 0.0738

100 5 0.1238 4 0.0871 2 0.1290 2 0.0504 7 0.0612 5 0.1110 5 0.0940

200 5 0.1168 4 0.0827 3 0.0401 2 0.0333 2 0.0457 5 0.1094 5 0.1094

300 9 0.1513 11 0.1292 xx xx 2 0.0334 3 0.0401 9 0.0638 9 0.0763

glove 50 2 0.3213 4 0.3213 5 0.2330 2 0.2513 2 0.3213 2 0.3213 2 0.3213

100 3 0.4005 3 0.4005 5 0.2329 2 0.2753 3 0.0 3 0.2433 3 0.2470

200 3 0.3323 3 0.3640 2 0.2461 2 0.2848 2 0.3135 3 0.2588 3 0.2588

300 4 0.2346 3 0.2233 4 0.1338 2 0.1429 2 0.2080 4 0.1578 4 0.2319

WebKB 2803 tf 7229 2 3.6423 3 3.1248 3 0.6710 2 0.0069 4 0.0038 2 3.6423 2 3.6423

tf-idf 7229 3 0.9174 10 0.7450 3 0.5610 2 0.0059 4 0.0012 3 0.9174 3 0.9174

word2vec 50 4 0.0452 4 0.0452 3 0.0424 2 0.0493 4 0.0308 4 0.0452 4 0.0480

100 4 0.0474 4 0.0474 5 0.0469 2 0.0463 2 0.0424 4 0.0474 4 0.0426

200 5 0.0464 5 0.0449 2 0.0985 2 0.0454 3 0.0 5 0.0461 5 0.0460

300 2 0.0646 5 0.0421 6 0.0461 3 0.0419 3 0.0 2 0.0445 2 0.0607

glove 50 4 0.5871 2 0.5637 3 0.0597 2 0.0601 2 0.5129 4 0.0430 4 0.0643

100 4 0.6909 4 0.6189 6 0.0400 2 0.0462 2 0.5780 4 0.0468 4 0.0541

200 3 0.6107 3 0.6391 3 0.1613 2 0.0530 2 0.0727 3 0.0640 3 0.0698

300 4 0.6325 4 0.6325 6 0.0461 2 0.0621 2 0.0 4 0.0672 4 0.0764

Rep representation, N number of scientific articles, F vocabulary size, OC obtained number of clusters, DI Dunn Index; xx: all data points assigned
to single cluster. Italic entries indicates the best performance using Dunn index

Analysis of Results Obtained

In order to measure the goodness of the obtained
partitionings by MOO-based proposed approach, two
internal cluster validity indices, namely Dunn Index [44]
and Davies-Bouldin (DB) Index [17] are used. The number
of clusters detected by the proposed algorithm for different
datasets are reported in Tables 3 and 4. The maximum and
minimum values of Dunn index and DB index, respectively,
imply better clustering results. Detailed descriptions of
Dunn and DB index are given in Table 1. The most relevant
words of different clusters (obtained using Dunn index)
corresponding to optimal partitionings identified by the

proposed approach for NIPS 2015 and AAAI 2013 data sets
are shown in Fig. 9a and b, respectively. These keywords are
extracted using topic modeling tool named Latent Dirichlet
allocation (LDA) [11].

Results on NIPS 2015 Articles

On NIPS 2015 data set, our proposed approach performs
better than all other existing approaches with different
representation schemas used. Results obtained are shown
in Tables 3 and 4. The best result having DI = 0.64
was obtained using word2vec model with obtained cluster
(OC)=2, where each word vector is of 100 dimensions.



286 Cogn Comput (2019) 11:271–293

Table 4 Results obtained after application of the proposed clustering algorithm on text documents in comparison to other clustering algorithms
using DB index

Data set #N Rep. #F SMODoc clust MODoc clust VAMOSA NSGA-II-Clust SOGA K-means single-linkage

OC DB OC DB OC DB OC DB OC DB OC DB OC DB

NIPS 2015 403 tf 183 3 0.8171 3 0.8192 8 1.3949 2 1.8226 3 3.8074 3 1.3051 3 1.5270

tf-idf 183 4 0.8909 4 1.9023 7 1.5161 2 1.6235 2 2.8180 4 1.3454 4 1.4449

word2vec 50 2 0.1323 3 0.1346 4 0.3336 2 1.6002 4 0.5123 2 0.6897 2 0.6898

100 4 0.4830 4 0.4833 5 0.4965 2 1.9047 5 0.4406 4 0.6415 4 0.6400

200 3 0.4420 3 0.4433 6 0.4937 2 2.0387 2 0.7869 3 0.6073 3 0.5974

300 3 0.4424 3 0.4448 7 0.4625 2 1.8985 3 0.6533 3 0.5950 3 0.5914

glove 50 3 1.7339 4 1.8308 11 2.1762 2 1.4428 3 2.4221 3 2.3080 3 2.6423

100 4 1.5774 3 1.6388 2 2.1357 2 1.6063 3 2.4676 4 2.7221 4 2.5282

200 4 1.6561 4 1.6561 3 2.7614 2 2.0814 3 2.1848 4 2.9711 4 2.6400

300 4 1.8533 3 1.8692 2 2.5201 2 1.9119 4 5.6560 4 2.9511 4 2.8510

AAAI 2013 150 tf 673 4 1.4330 3 1.4385 4 1.1605 2 1.8727 4 1.8695 4 1.8786 4 1.9064

tf-idf 673 4 1.7145 3 1.7788 2 1.8407 2 1.8929 4 1.8486 4 2.0155 4 1.8986

word2vec 50 3 0.7356 3 0.9981 5 0.6382 2 1.7318 5 1.0032 3 1.0308 3 1.0242

100 3 0.7170 2 0.8773 2 0.8161 1 1.9175 5 1.0271 3 1.0259 3 1.0353

200 3 0.7276 3 0.7452 3 1.0674 2 1.7372 2 1.2772 3 1.0142 3 1.0294

300 3 0.6879 3 0.7054 xx xx 2 1.7372 3 0.9644 3 0.9885 3 1.0076

glove 50 3 1.2799 4 1.3200 5 1.7573 2 1.3644 3 1.4252 3 1.3475 3 1.4138

100 4 1.1374 3 1.1822 5 1.5257 2 1.3644 3 1.2513 4 1.7296 4 1.6525

200 4 1.1970 4 1.1970 2 1.6171 2 2.0304 3 2.2181 4 1.5871 4 1.6124

300 4 1.2884 4 1.4062 4 1.7796 2 1.7294 3 1.6864 4 1.6865 4 1.6291

WebKB 2803 tf 7229 3 0.0206 3 0.0206 3 0.0678 2 6.9621 3 2.6846 3 0.0646 3 0.0646

tf-idf 7229 3 0.0834 4 0.0497 3 0.0623 2 23.757 4 2.0806 3 2.5467 3 0.0522

word2vec 50 5 1.1400 5 1.1502 3 1.5417 2 2.4978 3 1.8074 5 1.3936 5 1.5454

100 5 1.1457 5 1.1448 4 1.7018 4 2.5136 2 1.6088 5 1.3867 5 1.1367

200 5 1.1352 3 1.1913 2 0.6134 2 2.5136 3 2.5172 5 1.3574 5 1.5183

300 5 1.2220 5 1.2203 6 3.4282 3 2.7561 2 2.5237 5 1.3442 5 1.4609

glove 50 3 0.5523 2 0.8155 3 2.6150 2 2.2373 3 1.9142 3 1.9468 3 2.2323

100 3 1.4299 2 0.8687 6 3.3422 2 1.9867 2 1.1582 2 2.9522 2 0.2911

200 2 0.1932 3 1.3411 6 1.2107 2 2.6978 2 1.4694 2 0.3008 2 0.3008

300 3 1.6632 3 2.9034 6 3.4282 2 2.2490 2 2.0660 3 1.8072 3 2.1201

Rep. representation, N number of scientific articles, F vocabulary size, OC obtained number of clusters, DB, Davies-Bouldin Index; xx: all data
points assigned to single cluster. Italic entries indicates the best performance using DB index

On the other hand, best value of DB index=0.1323 was
obtained using word2vec representation with same number
of clusters, i.e., 2, where each word vector is of 50
dimensions. Thus, it can be inferred that optimal value of
number of clusters for NIPS datasets is 2. Extracted relevant
words for different clusters corresponding to the best result
obtained by our approach are shown in Fig. 9a. This
clearly indicates that two clusters correspond to the topics
of deep learning and computer vision, respectively. Major
observations related to the obtained clusters at the fine-
grained level are as follows: articles in cluster-2 correspond
to Deep Convolution Neural network applied on image
data. Articles in cluster-1 correspond to simple feed-forward
network with stochastic optimization in which features are

extracted by the user and those are fed to the network. Pareto
optimal solutions obtained after application of our proposed
framework are shown in Fig. 8a. Here, we can see that
after completion of the maximum number of generations,
Pareto optimal front converges to only three to four non-
dominated solutions. Each point in the Pareto optimal
front of Fig. 8a represents a non-dominated solution. Note
that our proposed aproach, SMODoc clust, attains the best
results with word2vec based representation with dimension
100. MOCK is also executed with this configuration. Best
result by MOCK corresponds to DI = 0.0151 and DB =
0.6401 with OC = 4. In most of the cases, MODoc clust,
VAMOSA, NSGA-II-Clust, SOGA, K-means, and single-
linkage algorithms fail in achieving good scores for this
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Fig. 8 Pareto optimal fronts
obtained after application of the
proposed clustering algorithm on
scientific articles a NIPS 2015;
b AAAI 2013; cWebKB datasets

data set; this clearly shows the utility of incorporating SOM
based reproduction operators in the proposed clustering
technique. Note that for NIPS 2015 articles, SOGA-based
clustering does not converge after fifth generation while
using tf and tf-idf based representation schemes. Therefore,
for SOGA, the results obtained after the fifth generation are
reported in Table 3.

Results on AAAI 2013 Articles

On AAAI 2013 data set, our proposed approach mostly
performs better than all other existing approaches utilizing
different representation schemes. The best result was
obtained using tf-idf representation and the corresponding
value of Dunn-index is 0.53 with OC=3. Only with “tf”

Fig. 9 Relevant
cluster-keywords for a NIPS
2015; b AAAI 2013 data set
corresponding to the best
partitioning result obtained by
the proposed approach

Cluster 1: feedforward, stochas�c, feature, exploring, exponen�ally, extracted, experimentally, 
expression, fed, accurate, feasible, extremely, model, falls, maximum

Cluster 2: deep, images, convolu�onal, training, Bayesian, network, bound, distribu�on, convolu�onal, 
algorithm, neural, op�miza�on, matrix, graph

(a) NIPS 2015

Cluster 1: mul� agent, network, image, approach, rank, constraint, classifica�on, game, learning, 
clustering, heuris�c, model, method, game, learning, dynamic, data  

Cluster 2: constraint, hidden, markov, sen�ment, algorithm, transportability, similarity, kernel, solver, 
agent, temporal, causal, data, selec�on, learning, random, environment, complexity, preference, 
applica�on

Cluster 3: grammar, seman�c, parsing, problem, minimax, structural, consistency, path, cluster, 
distance, euclidean, k-nn, measure, search, synchronous, property, dissimilarity, sentence, logical, 
uncover, heuris�c, �me 

(b) AAAI 2013 
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Table 5 Values of different components of the Dunn Index for tf, tf-idf
and Glove representation with 100 dimension on WebKB dataset

Rep. OC DI=a/b a b

tf 2 3.6423 1010.2593 277.3699

tf-idf 3 0.9174 806.7541 879.386

glove (100) 4 0.6909 4.6481 6.727

Here, Rep. denotes representation, OC: obtained cluster, DI: Dunn
Index, a: minimum distance between two points belonging to different
clusters, b: maximum diameter amongst different clusters

based representation schema, MODoc clust works similar
to the proposed algorithm. MOCK is also executed with tf-
idf based representation. Best solution obtained by MOCK
corresponds to DI = 0.2684 and DB = 12.1723
with OC = 3. On the other hand, minimum DB value
obtained by our proposed approach is 0.6879 with word2vec
based representation scheme having 300 dimensions and
the corresponding number of clusters is 3. Thus, we can
say that optimal value of number of clusters for AAAI
dataset is 3. Similar to NIPS 2015 data set, here also
SOGA based clustering does not converge within fifth
to eighth generations. Figure 9b clearly indicates the
topics of different clusters. All clusters are related to
machine learning. But at the lower level of abstraction,
we can conclude that cluster-1 contains articles related
to artificial intelligence as the words like multi-agent,
game, heuristics method, etc. are pre-dominant in this
cluster. Cluster-2 corresponds to the papers discussing about
different applications of machine learning approaches, for
example Hidden Markov Model to Sentiment Analysis
and other domains. Cluster-3 precisely corresponds to
the papers reporting applications of machine learning
approaches like K-nearest neighbor classifiers etc. for
solving different natural language processing tasks. These
articles discuss about grammar, syntax and semantics,
parsing etc. The Pareto optimal solutions obtained by
the proposed clustering approach are shown in Fig. 8b.
Each point in the Pareto optimal front of Fig. 8b
represents a non-dominated solution. Again, MODoc clust,
VAMOSA, NSGA-II-clust, SOGA, K-means and single-
linkage algorithms fail to achieve good scores for this
data set in most of the cases. Note that our MOO
based clustering approach and clustering (constraint based)
approach discussed in the paper [46] are different in the
sense that our goal is to cluster the scientific articles in an
automated way without satisfying any constraint to extract
broad areas of different articles. While the goal of the
approach proposed in [46] is to extract the fine-grained
keywords which can better represent the papers accepted in
the conference. For this purpose all the words present in the

abstract of the article are taken into consideration with some
constraints. Non-dominated solutions on the final Pareto
optimal front obtained by the proposed clustering approach
are shown in Fig. 8c.

Results onWebKB Dataset

On WebKB data set, our proposed approach, in most of
the cases, performs better than all other existing approaches
utilizing different representation schemes. Out of differ-
ent dimensions used in Word2vec based representation,
maximum DI value of 0.0474 and minimum DB value of
1.1351 were obtained by our proposed approach using 200
dimensions with OC=5. On the other hand, using Glove
representation varying the dimensions, maximum DI value
of 0.6909 was obtained with OC=4 and 100 dimensions.
Minimum DB value of 0.1932 was obtained using glove
representation with 200 dimensions and OC=2. In Table 3,
maximum DI value of 3.6423 was obtained with tf rep-
resentation. After thorough investigation of this result we
found that this solution corresponds to a partitioning where
more than 80% of the total documents are assigned to a
single cluster which in turn increases the compactness and
separation of the clusters. This results into high value of
Dunn index. This partitioning was generated because of
the sparsity in document matrix (containing most of the
components as zero in document vector) which is of size
2803×7229. Similar situation is happened with tf-idf based
representation. The best value of Dunn index obtained is
0.6909 which corresponds to OC=4 with Glove represen-
tation having 100 dimensions, whereas the best value of
obtained DB index is 0.1932 with OC=2. MOCK attains
best DB index value of 7.2509 which is greater than mini-
mum DB value obtained by our approach. In Table 5, values
of numerator and denominator of Dunn index correspond-
ing to tf, tf-idf, glove with 100 dimensions representations
for this dataset are shown. Numerator measures the min-
imum distance between two points belonging to different
clusters, while, denominator measures the maximum diam-
eter amongst diameters of different clusters. It is clearly
evident from Table 5 that for tf and tf-idf representations,
both numerator and denominator values are too high as
compared to Glove (100) representation. This is because
generated clusters are not proper/compact; there is a big
cluster (containing 80% of data points) and 1 or 2 small clus-
ters. Because of the presence of large-cluster, denominator
value is high and cluster separation (numerator) is also high.
Thus Dunn-index value is also high. This in turn proves that
DI is not a good measure of cluster quality. It prefers to
have non-uniform sized clusters. Except the cases of Glove
and Word2vec based representations with 100 dimensions,
the proposed algorithm always beats other algorithms and
attains best result.
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Table 6 Results reporting DB index value obtained after application of the proposed clustering algorithm on WebKB documents using Doc2vec
representation in comparison to other clustering algorithms

Data set #N Rep. #F SMODoc clust MODoc clust VAMOSA NSGA-II-Clust SOGA K-means single-linkage

OC DB OC DB OC DB OC DB OC DB OC DB OC DB

WebKB 2803 Doc2vec 50 3 2.3204 3 3.0317 3 3.6981 2 3.9696 4 3.3678 3 3.6687 3 4.2620

100 2 0.9723 2 0.9729 4 5.0457 2 3.8375 2 3.6676 2 3.7273 3 3.9529

200 2 0.9549 2 1.0054 2 2.6654 2 3.1647 4 3.9685 2 4.0644 2 3.8797

300 2 0.3217 3 0.8023 5 4.8537 2 2.9372 2 3.2979 2 4.3355 2 3.9873

Rep. representation, N number of scientific articles, F vocabulary size, OC obtained number of clusters, DB Davies-Bouldin Index

Generally, with the increase in dimension/size of
Word2vec/glove vector representation, precision of captur-
ing semantic information increases. With the increase in size
parameters, more data is required to train the models and to
represent the concepts.

However, in our work, due to the use of word2vec/glove
averaging to represent the articles/documents, there is a
loss of semantic information. Therefore, in Table 4, it
can be seen that with the increase in the vector length
using word2vec/glove, instead of decrease in the DB index
values, there are fluctuations in the result. Some more
robust representation is required to avoid loss of semantic
information as this representation of document plays a
key role in defining similarity/dissimilarity metric between
documents which in turn can help in clustering documents
in an automated way.

Therefore, we have tried Doc2vec4 representation. Note
that we have trained the Doc2vec on available WebKB
documents, i.e., 4199 preprocessed documents, which make
use of pre-trained glove [48] word embeddings having
2.2M as vocabulary size and 300 dimensional word vector.
Results are also reported in Table 6. It can be inferred
from the results obtained by SMODoc clust, MODoc clust,
and NSGA-II-clust techniques (shown in Table 6) that with
the increase in the dimensionality of vector representation,
qualities of clusters improve in terms of DB index value
(lesser the value, more good is the cluster quality). However,
in VAMOSA, this is not the case. From these statements,
it can be inferred that the quality of clusters not only
depends upon the algorithm but also on the type of
objective functions (cluster validity indices in our case).
In SMODoc clust, MODoc clust, and NSGA-II-clust, two
objective functions namely, PBM and Silhouette indices are
used. While, in VAMOSA, PBM and Xie-beni indices are
used. Note that for doc2vec representation, we have not
reported Dunn index as it is biased towards non-uniform
sized clusters as mentioned in the end of first paragraph of
current section.

4https://github.com/jhlau/doc2vec

Non-dominated solutions present on the final Pareto
optimal set obtained by the proposed clustering approach
are shown in Fig. 8c.

Theoretical Analysis

Possible theoretical reasons behind the success of the
proposed clustering technique are analyzed below:

– In general existing multi-objective evolutionary algo-
rithms (MOEAs) utilize the reproduction operators
which are popular in single objective optimization
(SOO).

– But topologies of optimal solutions are totally different
in single (SOO) and multi-objective optimization
problems (MOO). In case of SOO the topology of
optimal solution is a point and the distribution of
optimal solutions in case of MOO follows a regular
manifold structure. This proves that reproduction
operators which are well-suited for single objective
optimization may not perform well for MOO. There is
a need to design some new reproduction operators for
MOO problems.

– In recent years, researchers have proved that use
of simple reproduction operators of SOO in MOO
framework leads to the poor performance of MOO for
solving complex problems like tackling rotated and
complicated MOPs [30, 67].

– Inspired by this, some specific reproduction operators
for MOO algorithms are designed in recent years [65,
66]. Here, the topologies of Pareto optimal solutions
of MOPs were utilized in designing new reproduction
operators. It was shown in [65, 66] that these operators
help in better convergence of the proposed MOO based
approach.

– Inspired by the above observations, in the current
study, topology-inspired reproduction operators are
introduced in developing a MOO based clustering
framework where several cluster quality measures are
simultaneously optimized. The topology is measured
with the help of self-organizing map [29, 34].

https://github.com/jhlau/doc2vec
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Table 7 p values obtained after conducting t-test comparing the performance of proposed SMODoc clust algorithm with other existing clustering
techniques with respect to Dunn index values reported in Table 3

Data Set Representation #F MODoc clust VAMOSA NSGA-II-Clust SOGA K-means single-linkage

NIPS 2015 tf 183 3.01E-192 6.59E-190 7.89E-261 1.96E-307 2.28E-241 5.41E-264

tf-idf 183 4.13E-011 7.44E-099 3.77E-172 1.09E-104 4.47E-041 1.77E-25

word2vec 50 1.58E-023 1.24E-027 1.73E-68 5.21E-44 2.26E-042 2.99E-019

100 0.0 0.0 0.0 0.0 0.0 0.0

200 2.80E-021 0.0 0.0 0.0 0.0 .00

300 0.0 0.0 0.0 0.0 0.0 0.0

glove 50 2.62E-005 9.51E-036 6.59E-038 5.33E-009 1.59E-047 0.2513

100 4.70E-007 1.31E-025 2.31E-085 0.182621 1.35E-102 3.25E-018

200 0.911417 0.961362 1.93E-016 0.38863 1.31E-025 3.47E-078

300 8.99E-008 0.001650 9.009E-13 2.26E-079 0.000127372 8.49E-016

AAAI 2013 tf 673 0.7885 0.788494 2.79E-168 2.82E-283 1.65E-146 1.13E-18

tf-idf 673 0.0714026 8.69E-005 8.69E-05 0.0 3.72E-181 0.0

word2vec 50 0.049742 3.49E-06 0.006069 1.46E-213 1.64E-196 1.95E-167

100 3.69E-30 3.49E-06 0.00606986 2.17E-194 1.97E-05 4.79E-21

200 1.49E-26 3.06E-103 1.43E-117 1.14E-91 0.009659 0.009659

300 1.10E-012 xx 2.05E-191 4.19E-177 4.19E-126 1.05E-99

glove 50 0.788494 0 1.99E-089 0.788494 0.788494 0.788494

100 0.788494 6.93E-292 7.43E-207 0 7.30E-272 1.33E-264

200 2.80E-021 2.52E-123 4.96E-047 9.69E-010 1.35E-096 1.35E-096

300 0.000143 1.01E-154 4.10E-135 2.51E-17 1.89E-103 0.264497

WebKB tf 7229 0 0 0 0.788494 0.788494 0.788494

tf-idf 7229 0 0 0 0 0 0

word2vec 50 0.788494 0.2513 0.308194 1.91E-006 0.788494 0.541214

100 0.788494 0.670639 0.539444 0.0662238 0.78849 0.076022

200 0.45977 5.26E-052 0.560392 3.48E-045 0.717001 0.693676

300 4.55E-013 1.71E-009 2.91E-13 1.34E-078 7.48E-011 0.135651

glove 50 5.94E-014 0.0 0.0 4.81E-098 0.0 0.0

100 1.64E-093 0.0 0.0 9.56E-181 0.0 0.0

200 1.99E-017 0.0 0.0 0.0 0.0 0.0

300 0.788494 0.0 0.0 0.0 0.0 0.0

Here, xx: values are absent in Table 3

Statistical Significance

To further check the statistical significance of our approach,
we have conducted some statistical hypotheses tests named
as Welch’s t test, guided by [62] at 5 %(0.05) significance
level. It checks whether the improvements obtained by
the proposed SMODoc clust are statistically significant or
happened by chance. Statistical t test provides some p
value. Minimum p value implies that the proposed multi-
objective clustering approach is better than others. In our
experiment, p values are calculated considering two groups.
Among these two groups, one group corresponds to the
list of Dunn index values produced by our algorithm
and another corresponds to the list of Dunn index values
produced by some other algorithm. In this t test, two
hypotheses are considered: the null hypothesis and the

alternative hypothesis. The first hypothesis is that there is no
significant difference between median values of two groups.
On the other hand, alternative hypothesis shows that there
is significant change between median values of two groups.
The obtained p values are shown in Table 7 which evidently
support the results of Table 3.

Complexity of Proposed Framework

Let N be the number of F-dimensional feature vectors, g be
the maximum number of generations.

1) The population is initialized using K-means algorithm.
The K-means algorithm takes O(tNFk) time [43].
Here, t is the number of iterations, K is the number of
clusters. If there are P solutions, then for each solution
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Table 8 Comparative complexity analysis of existing clustering
algorithms

Algorithm Time complexity

SMODoc clust O(gP (tNFK + MP))

MODoc clust O(gP (tNFK + MP))

MOCK O(N2 log(N)F 3k2P 2MR)

VAMOSA O(KN log(N)T otalI ter )

NSGA-II-clust O(gP (tNFK + MP))

SOGA O(gtPNKF)

K-means O(tNKF)

single-linkage O(N2log(N))

Here, R is the number of reference distributions [28]; K is the
maximum number of clusters present in a data set which is

√
N ; N is

the number of data points; T otalI ter is the number of iterations used
and chosen in such a way that number of fitness evaluations of all the
algorithms become equal

we have to calculate M objective functions; thus, total
complexity to initialize population (including objective
function calculation) will be O(P (tNFk + M)).

2) Training complexity of SOM is O(P 2) as mentioned in
[50].

3) Extraction of neighborhood relationship for each
solution takes O(P 2) time because of the calculation of
the Euclidean distance of each neuron with respect to
other neurons using associated weight vectors, which is
a P × P matrix.

4) Crossover and mutation operations of differential
evolution algorithm take constant time; these involve
some addition, subtraction or multiplication operations.
This implies, new solution generation using crossover
and mutation takes O(P ) time as new solution is
required to be generated for each solution in the
population.

5) K-means clustering steps are applied on each new
solution and the objective functional values are
calculated. This takes O(P (tNFk + M)) time.

6) Non-dominated sorting takes O(MP 2) time as for each
objective, comparison is required to be performed for
each solution with respect to other solutions.

Thus total run time complexity = O(P (tNFK +
M) + g(P 2 + P 2 + P + P(tNFK + M) + MP 2))

Here, step-2 to step-3 will be repeated upto g number
of generations.

=⇒ O(P (tNFK+M)+g(2P 2+P +P(tNFK+
M) + MP 2))

=⇒ O(P (tNFK + M) + g(2P 2 + P tNFK +
MP 2))

=⇒ O(P (tNFK + M) + g(MP 2 + P tNFK))

=⇒ O((1 + g)P tNFK + PM(1 + gP ))

=⇒ O(gP tNFK + gMP 2)

=⇒ O(gP (tNFK + MP))

Thus, total complexity of our proposed system is
O(gP (tNFK + MP)).

Similarly, complexity of NSGA-II-clust can also be
analyzed. The total run-time complexity of NSGA-II-
clust is O(P (tNFK + M) + g(P (tNFK + M) +
MP 2)). Here, the first term is for population initialization
and calculation of objective functional values; and the
second term, P(tNFK + M) + MP 2 is for application
of K-means clustering on new solution generated and
then applications of non-dominated sorting and crowding
distance mechanisms [20]. On solving, this boils down to
O(gP (tNFK + MP)).

Comparison of Complexity Analysis with other Algorithms
We have compared the time complexities of existing
clustering algorithms and those are reported in Table 8. It is
important to note that reported complexities of the existing
algorithms are directly taken from the reference papers. It
can be seen from Table 8 that the time complexities of our
proposed multi-objective automatic document clustering
algorithm with SOM (SMODoc clust) and without SOM
(MODoc clust) based operators are almost same. MOCK
algorithm is more expensive than ours. NSGA-II-clust runs
with same complexity as of our proposed system. On
comparing SOGA and K-means, it was found that SOGA
takes little higher time as it is based on the search capability
of genetic algorithm.

Conclusions and FutureWorks

In this paper, we have proposed a new automatic multi-
objective document clustering approach utilizing the search
capability of differential evolution. The current algorithm
is a fusion of DE and SOM where the neighborhood
information identified by SOM trained on the current
population of solutions is utilized for generating the
mating pool which can further take part in generating
new solutions. The use of SOM during new solution
generation helps the proposed clustering algorithm to better
explore the search space of optimal partitioning. To generate
more diverse solutions, concept of polynomial mutation is
incorporated in DE which helps in convergence towards
the global optimal solution. Two objective functions, both
measuring the compactness and separation of clusters,
are considered here and are optimized simultaneously to
improve the cluster quality. The efficacy of the proposed
multi-objective document clustering technique is shown
in automatically partitioning two text document data
sets containing some scientific articles and one web-
document data set. Results are compared with various
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state-of-the-art techniques including single as well as multi-
objective clustering algorithms and it was found that the
proposed approach is able to reach the global optimal
solution for all the data sets, while other algorithms got
stuck at local optima. The results clearly show that proposed
framework is well suited for partitioning the data sets in an
automated manner. The proposed algorithm can be easily
applied in the field of text-summarization and classification
of Chinese text documents based on semantic information.
Other applications of the proposed technique can be scope
detection of journals/conferences, development of some
automatic peer-review support systems, topic-modeling, etc.

Future work will include the applications of the proposed
approach in solving some other real-life problems like text-
summarization, automatic grading of essays etc. We would
also like to investigate the effect of using more than two
objectives and use of deep learning based representation
of a text document in the developed clustering framework.
Moreover making the mating pool size adaptive is another
important future research work.
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