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Abstract: Obtaining high quality groups and processing mixed 

and incomplete data (DMI) are still problems in the data 
clustering. Recently a method was proposed that improves the 
results obtained by clustering algorithms, the PAntSA; but this 
was only designed and tested for numerical data. For this reason, 
this paper analyzes the influence of applying the PAntSA in the 
performance of DMI restricted clustering algorithms. For this, the 
results of different algorithms are compared before and after 
applying the PAntSA. The comparisons made provide 
experimental evidence that the PAntSA algorithm improves the 
quality of the groups obtained by traditional DMI clustering 
methods. 
 

Keywords : About four key words or phrases in alphabetical 
order, separated by commas.  

I. INTRODUCTION 

The process of grouping a set of physical or abstract 

objects into classes with similar objects is called grouping. In 
this process, a given collection of unlabeled data is taken and 
a group of groups is created in such a way that the objects 
belonging to a group are homogeneous with each other [1], 
also seeking that the heterogeneity between the 
different groups be highest possible . This technique has 
acquired great relevance in recent times due to its practical 
application in the successful solution of dissimilar real-life 
problems such as: Speech recognition, image segmentation 
and computer vision, information retrieval and text 
mining, in computational biology for DNA analysis and 
many other applications [2-7]. 

Most of the grouping algorithms have been designed to 
work only with numerical data or with categorical data, while 
in a large number of occasions, it is necessary to work with 
mixed data, that is, with attributes of different types such as: 
numerical, binary, discreet and categorical. Also on many 
occasions it is not possible to know the value of a certain 
attribute, so it is also necessary to develop algorithms to 
group incomplete data [8-13]. 

Mixed and incomplete data (DMI) grouping or has been 
traditionally addressed by following classical paradigms such 
as hierarchical and particional, 
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but have recently appeared bio-inspired proposals have 
also had a good performance [14-20]. On the other hand, the 
grouping obtained by a given algorithm can be improved by 
another algorithm using an internal validation index. Using 
this idea in 2010, the bio-inspired PAntSA algorithm [21] 
(based on an ant tree [22, 23]) was published, which takes the 
results obtained by a previous grouping algorithm and tries to 
refine them using the Silhouette index [24] and the definition 
of an attraction between groups. PAntSA improves the 
quality of the results obtained by clustering algorithms in 
numerical data, particularly in the classification of 
documents; however, as far as we know, there is no study 
of the influence of PAntSA in the DMI cluster [25-31]. For 
this reason, in this paper we propose to analyze the influence 
of PAntSA in improving the results of the DMI clustering 
algorithms. 

From here the rest of the work is organized as follows: In 
section 2 we show the use of internal validation rates in the 
DMI cluster. In section 3 we describe the PAntSA algorithm 
used to improve the groups obtained by other algorithms. In 
section 4 we present an experimental analysis on the 
influence of PAntSA in the grouping of DMI and the results 
obtained. Finally, section 4 gives the conclusions.  

II. GROUPING OF DMI AND INTERNAL 

VALIDATION INDICES 

A. Submission of the paper 

The grouping of data, as explained above, consists of the 
unsupervised assignment of objects to unknown groups. This 
task is more difficult than the supervised classification 
because the labeled objects are not taken in advance. A 
consequence of this is that the results of the grouping cannot 
usually be evaluated with external validation indices such as 
Entropy and Grouping Error (see [24]) because the correct 
classification by a human expert is not available . However, 
the quality of the groups obtained can be evaluated with 
respect to structural properties of the data through internal 
validation rates [32-38]. Some of the most commonly used 
internal indices are indices Dunn and Davies-Bouldin, the 
Silhouette (Silhouette) and Hubert index. For a more detailed 
description of these indices refer to [39]. 

The majority of people working in data clustering 
problems are familiar with the use of indices of internal 
validation. However, in some recent works other uses have 
been proposed for this type of measures, specifically in the 
context of the DMI grouping is its use as an objective function 
to optimize in different algorithms.  
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This idea has recently been applied in two bio-inspired 
algorithms: BECA [40] and DELUXE [41]. 

BECA ( BEe based Clustering Algorithm ) is a method 
based on ABC metaheuristics , inspired by the natural 
behavior of bees and proposed by Karaboga in [42]. This 
algorithm generates n initial clusters randomly that constitute 
the food sources [43-50]. It then generates new 
sources through the mutation strategy defined in [51] 
using a heterogeneous dissimilarity to deal with DMI. For the 
evaluation of food sources, the Dunn index is used as an 
objective function [24]. Finally, after a number of iterations 
defined a priori, the food source (grouping) that optimized the 
objective function is returned. 

In the case of  DELUXE [41], this is an algorithm 
developed to group DMI based on FMOA , an optimization 
technique was recently developed by Xin-She Yang [52] that 
models the behavior of the fireflies and the flashes of light 
they emit [46, 53-59]. Like BECA [40], its operation is based 
on a dissimilarity that allows the treatment of DMI , however 
unlike this in DELUXE initially a number η of fireflies is 
formed by selecting k random centers and placing the objects 
around them. Then an iterative process is started comparing 
in pairs the attractiveness of the different fireflies (clusters ) 
using the Silhouette index [24] as an objective function, in 
this way, fireflies with less attractive are disturbed towards 
those of greater attractiveness. The disturbance consists in 
replacing one of the centers of the groups with another object 
randomly. To avoid falling into local optimum, a parameter 
was introduced to the algorithm: the life expectancy of the 
firefly, allowing replace the fireflies that could not be 
disturbed for a predetermined number of times. 

Silhouette [24] is an internal validation index that 
combines two key elements to the quality of a given grouping: 
compactness and separability. This index calculates the 
average, for all groups, of the width of the silhouette of its 
points. 

III. PANTSA IN THE IMPROVEMENT OF 

CLUSTERS 

The PAntSA algorithm [21] is based on the AntTree 
algorithm, proposed in [22, 23]. For the best understanding of 
PAntSA, we will explain in detail first the operation of the 
AntTree algorithm. This algorithm is a pioneer in the 
application of the modeling of nest construction by ants, to 
problems of Artificial Intelligence. The AntTree is based on 
modeling the ability of ants to build living structures with 
their bodies [23], to discover, in a distributed and 
unsupervised manner, a tree structure that organizes a set of 
data. This hierarchical structure can be interpreted in several 
ways: as a partition of the data or as a hierarchical structuring 
of them [23, 60-65]. 

The fundamental principle of the AntTree is the following: 
each ant represents a node in the tree that will be constructed 
(that is, the objects that will be grouped) and there is a 
function of similarity between two Sim ( i , j ) objects . On 
the basis of a fictitious root node to 0 , which represents the 
support on which it is to build the tree, each ant to i will go 
gradually setting to the initial node, and successively to ants 
and fixed, until all The ants are in the structure. All 

movements and fixations in the structure will depend on the 
value of Sim ( i , j ), and on a neighborhood where the ants 
move. Although Ingaramo et al. they tested the efficiency of 
the PAntSA [21] in the grouping of documents, and showed 
that said algorithm is capable of  
improving clustering algorithms for numerical data, to our 
knowledge there is no study of whether it is capable of 
improving algorithm results clustering for mixed data, which 
is target is and work. 

IV. RESULTS AND DISCUSSION 

To evaluate the performance of the mixed data PAntSA in 
an experimental comparison was 
conducted using algorithms grouping of DMI reported in the 
literature, by applying the results or PAntSA btenidos for 
each. For the experiments, 10 mixed and incomplete 
databases from the repository of the University of California, 
Irvine (ICU) [66] were used (see table 1).  

 
Table- I: Description of the datasets 

Dataset Cat. Att. Num. Att. 
Classe

s 
Missin

g 
Objects 

Autos 10 16 7 Yes 205 

Colic 15 7 2 Yes 368 

dermatology 1 33 6 Yes 366 

heart-c 7 6 5 Yes 303 

hepatitis 13 6 2 Yes 155 

Labor 6 8 2 Yes 57 

lymph 15 3 4 No  148 

sponge 44 0 3 Yes 76 

tae 2 3 3 No  151 

zoo 16 1 7 No  101 

 
The selection of this data set lies in that it is tagged data 

bases. This enabled to have grouping model (classes) against 
which to measure the quality of the groups obtained by the 
algorithms by two index s validation external. The first index 
used was Entropy, which measures the degree of disorder of 
the model grouping (AM) in the groups obtained by the 
following equation.  
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Where: AE represents the grouping to evaluate, | k | is the 
total objects of group k, |AM | it is the total of groups of the 
model grouping and n k 

m is the total of objects in the 
group k that belongs to the group of AM.  

In the experimental comparison eight algorithms were 
used that allow the grouping of DMI and the results obtained 
by these before and after applying the PAntSA [21] were 
evaluated . Thus, the k Prototypes [67] and AD2011 [68], the 
hierarchical HIMIC [69] and the CEBMDC [70] 
method which is an algorithm that uses a combination of other 
methods were selected. In addition, AGKA [51], BECA [40] 
metaheuristics were used. 
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An important aspect in the design of the experiments are 
the parameters with which the algorithms will be executed 
[71-74]. As all algorithms require knowing the number of 
groups to be formed, the value assigned to this parameter will 
match, for each database, the number of classes. With this, the 
classes are taken as a model grouping against which to 
evaluate the clusters resulting from applying the 
algorithms. The rest of the parameters were chosen based on 
the existence of studies that recom sen certain values for 
better performance. In addition to the common parameters of 
the different algorithms they were given the same value. This 
allowed to achieve a certain homogeneity and reduce a 
possible imbalance in the performance of an algorithm against 
another by the use of different values for the same 
parameter. In the case of dissimilarity, 
the HEOM function [75] was used for all algorithms . The 
reason for its use was its good results in the treatment of DMI 
[76-78]. 

The experiments were conducted as follows: For each 
database, the different algorithms were applied 
and Entropy was calculated. Then PAntSA [21] was 
applied to the result of each algorithm obtaining a new 
grouping and the Entropy was also calculated to these new 
results. In each case, the number of classes in each of the 
databases was established as the number of groups. 

In Figures 1 - 6 the results of each are shown algorithm, 
before and after applying the PAntSA. As can be seen, in 
many cases Entropy decreases after the application of 
PAntSA  
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Fig. 1. Entropy results before and after the PAntSA was 
applied for the kPrototypes algorithm 

 

 

Fig. 2. Entropy results before and after the PAntSA was 
applied for the AD2011 algorithm 

 

Fig. 3. Entropy results before and after the PAntSA was 
applied for the HIMIC algorithm 

 

Fig. 4. Entropy results before and after the PAntSA was 
applied for the CEBMDC algorithm 

 

Fig. 5. Entropy results before and after the PAntSA was 
applied for the AGKA algorithm 

 

Fig. 6. Entropy results before and after the PAntSA was 
applied for the BECA algorithm 

In most cases, a lower Entropy is obtained after applying 
the PAntSA. However, to establish whether these differences 
are statistically significant or not, the Wilcoxon test was 
applied for two related samples. Table 2 shows the bilateral 
asymptotic significance obtained by the test.  

 
 
 
 



 
PANTSA Influence in grouping Mixed and Incomplete Data 

 

582 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: B6534129219/2019©BEIESP 
DOI: 10.35940/ijitee.B6534.129219 
Journal Website: www.ijitee.org 

The Wilcoxon test allows to clarify whether PAntSA 
effectively improves or not the results obtained by the 
grouping methods. For this, a 95% confidence 
level was established. Thus, for probability values greater 
than 0.05, it is considered that there are no differences in the 
quality of the groups after applying the PAntSA . For this, the 
symbol esco is chosen to facilitate understanding. However, 
for values less than 0.05, it is necessary to determine whether 
this method improves or worsens the results obtained by the 
grouping method , using the symbols  and  , respectively. 

The symbol  means that the PAntSA significantly 
improved the results of the corresponding algorithm, while 
the symbol  means that there were no differences between 
the results of the algorithm before and after the PAntSA was 
applied. No evidence was found that PAntSA would worsen 
the results obtained. As can be seen, PAntSA is able to 
improve the results of the clusters obtained by all algorithms 
except for the AD2011 method, which showed no significant 
differences. 

 
Table- II: Bilateral asymptotic significance of the 

Wilcoxon test for Entropy of the clusters obtained by the 
algorithms before and after applying the PAntSA 

Algorithms 
before and 

after 
PAntSA 

kP
ro

to
ty

pe
s 

A
D

20
11

 

H
IM

IC
 

C
E

B
M

D
C

 

A
G

K
A

 

B
E

C
A

 

Sig. Asint. 0.005 1.000 0.008 0.037 0.005 0.009 

Decision       

 
In general, as could be seen in the experiments analyzed, 

PAntSA showed a good level of effectiveness in improving 
the results of DMI clustering algorithms. Only no differences 
were obtained using the AD2011 algorithm. 

V. CONCLUSION 

Obtaining high quality clusters in mixed and incomplete 
data is especially important. The study carried out allows us 
to affirm that the results obtained by grouping methods of 
diverse nature (partitions, hierarchical, bio-inspired and 
others) can be refined by applying post-processing 
strategies. The PAntSA algorithm, in all cases improved or 
maintained the quality of the groups analyzed, and in no case 
its application implied a detriment to it. On the other hand, the 
use of internal validation indices, in this case of the 
Silhouette, opens new lines of research regarding the quality 
of the clusters, since it is considered that in addition to the 
compactness and separability properties that this index, other 
properties can be used to further refine mixed and incomplete 
data clusters.  
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