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Traditional clustering algorithms often need help with
heterogeneous data types and incomplete information, leading to
suboptimal groupings and potentially biased insights. By
addressing these challenges, advanced techniques, such as
bioinspired algorithms, can provide more accurate and
comprehensive clustering. We show the usefulness of using
internal validity indices in obtaining high-quality clusters for
hybrid and incomplete data. In addition, this work analyzes the
influence of applying the recently proposed PANtSA on the
performance of hybrid and incomplete clustering algorithms. To
do this, the results of different algorithms are compared before and
after applying PANntSA. The statistical analysis of the results
provides experimental evidence that supports the PAnNtSA
algorithm improves the quality of the clusters obtained by hybrid
and incomplete data clustering methods.
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1 Introduction

The process of clustering, which involves grouping a set of instances into several groups containing similar objects, has found
significant practical applications. This technique has been successfully used in solving real-life problems such as speech
recognition, image segmentation, computer vision, text mining, and computational biology for DNA analysis. The main goal of
clustering algorithms is to find the “natural structure” of the data; that is, to find the underlying patterns that make certain
instances belong to a certain cluster. Usually, the cluster objective is to obtain compact and well-separated clusters, assuming
that the instances in a cluster must be very similar and dissimilar to those of other clusters.

Most clustering algorithms have been designed to work only with numerical or categorical data. However, in many cases, it is
necessary to work with mixed (or hybrid) data, which includes attributes of different types, such as numerical, binary, discrete,
and categorical. Moreover, the presence of incomplete data, where the value of a certain attribute is unknown, poses a
significant challenge. This underscores the need to develop algorithms that can effectively handle incomplete data (Ruiz-
Shulcloper, 2008).

The clustering of hybrid and incomplete data has traditionally been approached following classic paradigms such as hierarchical
and partitional, although bio-inspired proposals have also appeared that have had good performance (Gonzalez-Patifio,
Villuendas-Rey, Saldafia-Pérez, & Arglielles-Cruz, 2023). Bioinspired clustering is based on optimizing a certain validity index.
Several validity indexes have been proposed to compute the compactness and separation of a clustering result (Brun et al., 2007;
Maulik & Bandyopadhyay, 2002; Rend6n, Abundez, Arizmendi, & Quiroz, 2011). They somehow calculate the relation
between the distances of the members of a given cluster (compactness) and the distance relations with respect to the members of
other clusters (separation). However, although they have a similar underlying background, the results obtained by applying
different validity indexes to the same clustering may be very dissimilar.
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To overcome this drawback, we explore the use of several validity indexes in bioinspired clustering. In addition, the bio-inspired
algorithm PANtSA that is based on Ant Tree algorithm (Azzag, Monmarche, Slimane, & Venturini, 2003) was published
(Ingaramo, Errecalde, & Rosso, 2010), which takes the results obtained by a previous clustering algorithm and tries to refine
them using the Silhouette index (Brun et al., 2007) and the definition of an attraction between groups. PAntSA improves the
quality of results obtained by clustering algorithms on numerical data, particularly in document classification; however, there is
a need to condict a study of the influence of PANntSA on hybrid and incomplete bio-inspired clustering.

The contributions of this paper are the following:

e We focus on a recently proposed bioinspired clustering based on Artificial Bee Colonies (Villuendas-Rey, Barroso-Cubas,
Camacho-Nieto, & Yafez-Marquez, 2021).

e We analyze the influence of PAntSA (Ingaramo et al., 2010) in improving the results of hybrid and incomplete clustering
algorithms.

o We show the usefulness of using internal validity indices in obtaining high-quality clusters for hybrid and incomplete data.

The rest of the paper is organized as follows: Section 2 shows some work related to hybrid and incomplete data clustering, as
well as internal cluster validity indexes. Section 3 presents the materials and method, including the PAntSA algorithm used to
improve the groups obtained by other algorithms, and the bioinspired hybrid and incomplete data clustering based on Artificial
Bee Colonies. Section 4 comprises the experimental results obtained and Section 5 offers the conclusions and avenues of future
works.

2 Related Works on Hybrid and Incomplete Data Clustering

The existing clustering algorithms for hybrid and incomplete data, for the most part, are the product of extensions made to
methods for handling homogeneous data types (numeric or non-numeric). These can be divided into several categories
according to the procedure they use to group objects.

2.1 Algorithms for clustering hybrid and incomplete data

In 1967, MacQueen proposed k-means, a classical algorithm that is considered the archetype of the partitional model
(MacQueen, 1967). For the k-means algorithm to work, it must know the number of groups to obtain (k). The idea is to locate k
centroids and cluster objects by their closest centroid according to a distance function defined a priori. Iteratively, the centroids
are updated as the average of the objects that belong to each group, until the centroids stop changing.

One of the first extensions to k-means to deal with DMI was k-Prototypes, published by Huang (Huang, 1997). This author
based his proposal on the definition of a new function of dissimilarity between objects, which allows for the treatment of mixed
descriptions. Let o be an instance, c; be the center of the i-th cluster, and X,, be the p-th attribute. The dissimilarity between an
instance and the cluster center is given by:

d(0,c) = ) (%,(0) = X, (e + %1 ) T(%,(0), X:(c0) M

PERN TERC

where: yi is a user-defined parameter, Rn is the set of numeric attributes, Rc is the set of categorical attributes, and
r(X,(0;),X,(c;)) is a dissimilarity function equal to zero if X,.(0;) = X,.(c;) and equal to one otherwise. In addition, it makes a
modification in the way of obtaining the centers of the groups taking as values the mean of the numerical attributes, and the
mode of the categorical attributes.

Ahmad and Dey also proposed another modification to k-means (Ahmad & Dey, 2007, 2011). The modifications made consist
of updating the dissimilarity function, considering each attribute's contribution to each group. This algorithm does not have a
name, only a pseudocode is stated under the title modified_kmean_subspace_clustering. Other authors have proposed
modifications to the k-means for dealing with hybrid and incomplete data, such as KMSF (Martinez Trinidad, Garcia Serrano, &
Ayaquica Martinez, 2002).
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Despite their low time complexity, k-means and its variants have many disadvantages: for example, the results depend on the
initialization of the centroids. Furthermore, they are invalid for objects with categorical attributes due to the need to calculate the
average and are inadequate for detecting non-convex groups and outliers (noisy objects).

Hierarchical algorithms, as the name suggests, construct a hierarchy of clustering, joining or dividing the groups according to a
certain similarity/dissimilarity function between the groups. In other words, they build a tree of groups called a dendrogram.
Such an approach allows data to be studied with different levels of granularity. Hierarchical clustering algorithms are
categorized into agglomerative (bottom-up) and divisive (top-down). An agglomerative cluster generally begins with singleton
clusters and recursively joins two or more appropriate groups. The process continues until some stopping criterion (frequently
the number k of groups) is reached.

Reyes-Gonzalez and Ruiz-Shulcloper proposed the first agglomerative algorithm for hybrid and incomplete data (Reyes-
Gonzélez & Ruiz-Shulcloper, 1999). The algorithm (which we will call AERE) forms a new level at each step until all objects
are on the same level. A level is defined by the number of groups present in the level, the value of 0 (maximum similarity
between two groups of the same level), and the set of possible partitions. As a distinctive element, it is deterministic (always
obtains the same solution), and each group is made up of elements that are in the same connected component B0 in a graph of
maximum similarity. Finally, the algorithm returns all possible structurings (set of partitions) for the desired level k of the
formed hierarchy.

In addition, a hierarchical algorithm called HIMIC (Hlerarchical MIxed type data Clustering algorithm) was proposed (Ahmed,
Borah, Bhattacharyya, & Kalita, 2005). The algorithm is based on the use of a dissimilarity function between two groups c;, ¢

that considers the set of possible categorical values as follows:

n

d(c;, ¢) = Zsp(ci,cj) )
p=1

where
1 1
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Subsequently, a traditional agglomerative method is applied, using obtaining the desired number of groups k as a stopping
criterion.

Among the advantages of hierarchical clustering algorithms are their flexibility with respect to the level of granularity, ease of
handling, and application to any type of attribute. Among the disadvantages are the non-improvement of the groups that have
been constructed due to the non-consideration of the objects already assigned and the sensitivity to noise. Furthermore, the
computational cost for most of these algorithms is also at least O(m?), where m is the number of objects, which limits their
application to large data sets.

The data clustering problem can be viewed as an optimization problem that locates the optimal centroids of clusters or finds the
optimal partition of a set of objects. For this reason, different optimization techniques have been successfully used to help find
the best solution or at least a good enough solution for a problem in a search space. In this sense, metaheuristics stand out as
approximate algorithms that try to solve these problems, sacrificing the guarantee of finding the optimal one in exchange for
finding a "good solution in a reasonable time," which is why they have been used for clustering large data sets.

87



Tusell-Rey et al. / International Journal of Combinatorial Optimization Problems and Informatics, 15(4) 2024, 85-100.

A metaheuristic is a high-level strategy that uses different strategies to explore the search space. Due to its easy adaptation,
simplicity, and efficiency, metaheuristics are among the most widely used approximate methods.

The AKGA algorithm (Roy & Sharma, 2010) consists of the use of a Genetic Algorithm (GA) to obtain groups without the need
to exhaustively apply a clustering algorithm. The application of a GA allows us to leave local optima and search for a global
optimum without too high a computational cost. As a representation scheme, each solution consists of an individual, represented
by a string of size equal to the number of objects, and where each i-th element of the string represents the group to which the ith
object is assigned (see Fig. 1).

[2]tf2fufufajufa]u]2]

Fig. 1. Example of an individual. In this case, there are 10 objects, grouped into two groups. Each position encodes the group to
which said object belongs.

In the case of group centers, the authors use the scheme of Ahmad and Dey (Ahmad & Dey, 2007, 2011). They also use the
dissimilarity function of objects to the centers [12] as part of the optimization function of the Genetic Algorithm.

Several bioinspired algorithms have been successfully used in clustering hybrid and incomplete data (Villuendas-Rey et al.,
2021). One example is the CABC algorithms, based on the Artificial Bee Colony model (Karaboga & Basturk, 2007) for
numerical optimization. CABC algorithm randomly generates n initial groupings that constitute the food sources. It then
generates new sources using the mutation strategy defined in (Villuendas-Rey et al., 2021) and using HEOM (Wilson &
Martinez, 1997) as a dissimilarity that allows dealing with hybrid and incomplete data. To evaluate food sources, an internal
validation index is used as an objective function. Finally, after a number of iterations defined a priori, the food source
(clustering) that optimized the objective function is returned.

2.2 Internal cluster validity indexes

Internal cluster validity indexes are metrics used to evaluate the quality of clusters formed by clustering algorithms based solely
on the data and without external reference. These indexes assess how well clusters are separated from each other and how
compact and well-defined individual clusters are. Popular internal validity indexes include the Davies-Bouldin index (Davies &
Bouldin, 1979), which measures the average similarity between each cluster and its most similar neighboring cluster relative to
their internal dispersion; the Dunn index (Brun et al., 2007), which evaluates the ratio of the minimum inter-cluster distance to
the maximum intra-cluster distance; and the Silhouette coefficient (Brun et al., 2007), which quantifies how similar an object is
to its own cluster compared to other clusters. These measures help select the optimal clustering and compare different clustering
results to find the most meaningful partitioning of data. In the following, we review such indexes.

The Silhouette is the average of the silhouette width of the instances belonging to that cluster (Rendén et al., 2011). If x is an
instance from cluster ¢; and n; is the total number of instances in ¢;, then the silhouette of x is given by:

b)) —a@) s
50 Saxfao b 00) “

where a(x) is the average distance to all instances in ¢;, and b(x) is the minimum average dissimilarity between x and the
instances from other clusters, as:

1
A = ), Ay (5)
yeeg
yix
m ©)
b() = mind > d(x,y)
h#i YECh
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Finally, the global silhouette of a clustering partition is defined as:

kz Z S(x) (7)

xec[

For a certain instance, its silhouette width is in the [-1, 1] interval. The greater the Silhouette, the more compact and separated
the clusters.

The Davies — Bouldin index is a well-known unsupervised cluster validity index (Maulik & Bandyopadhyay, 2002). It considers
the dispersion of instances in a cluster A(ci) and the dissimilarity of clusters diss(ci,cj). The Davies — Bouldin index

measures the average similarity between each cluster and its most similar cluster. The lower the values of the Davies — Bouldin
index, the more compact and separated are the clusters. Formally, Davies — Bouldin index is defined as:

=_ 8
b5 k j rlngme J ®
i=1.k
where R; ; is usually defined as:
P OLEIC) ©)
M diss (¢, )

Several inter-cluster dissimilarities and measures of cluster size are defined. In this research, we used the centroid dissimilarity
as an inter-cluster measure and the centroid measure for cluster size.

diss(cf,cj) = diss(c, ) (10)
diss(p, ¢;
A =y 2.8 (11)
;|
PEC;

Dunn’s index for clustering considers the ratio between the minimum distance between two clusters and the size of the bigger
cluster. Similar to the Silhouette index, greater values correspond to better clustering (Rendén et al., 2011).

diss(c¢;, ¢
D = min < min ( : ) 1
1sisk | 15j<k maX{A(Cz)}
izj M=l=k

It has been assumed so far that there is a dissimilarity measure to compute the dissimilarity between instances in the clustering
process. In fact, the fundamental of several clustering is to select a set of centroid instances and then assign each object to the
less dissimilar (or closest) centroid. In this research, we used the HEOM dissimilarity to compare instances in such a way.
Wilson and Martinez introduced the HEOM dissimilarity to compare objects with mixed numerical and categorical descriptions.
Let be two instances p and g, the HEOM dissimilarity is defined as (Wilson & Martinez, 1997):
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HEOM(p.0) = | ) di(pi,)? (13)
A;EA

1 if p; V q; are missing
d;(p;,q;) = < overlap (p;,q;) if A; is categoric (14)
mm_dif f (p;, qi) if A; is numeric

0 ifp; =g (15)

overlap (p;, 4:) = {1 otherwise

rn_diff = M (16)

max; — min;

By using the HEOM dissimilarity, we are able to directly compare mixed and incomplete instances, carry out the clustering
process, and evaluate the resulting clustering with the selected optimization functions. In addition, due to its simplicity and low
computational cost, the HEOM dissimilarity is a feasible choice as an optimization function in evolutionary algorithms.

3 Materials and Methods
3.1 Bioinspired Clustering Based on Artificial Bee Colonies

The Clustering using the Artificial Bee Colony (CABC) algorithm was recently proposed for clustering hybrid and incomplete
data (Villuendas-Rey et al., 2021). It is based on the Artificial Bee Colony optimization model (Karaboga & Basturk, 2007). The
keys of CABC are its cluster representation, its center computation, and its updating strategy.

Regarding representation, CABC adopts a simple approach: each solution is an array of cluster centers. Each bee (candidate
clustering) S; is represented as S; = [, &, ..., €] Where g, is the selected center for the i-th cluster. Initially, the cluster centers
are assigned randomly and the instances are assigned to the nearest center. After that, the centers need to be updated. To do so,
CABC avoids constructing artificial data, instead, for each cluster, a new cluster center ¢, is selected as:

¢ = arg min {diss(p,q)} (17)
p#q

After the new centers are obtained, the iterative process begins. In Artificial Bee Colonies, the employees and onlooker bees
search for a solution closest to the current one and then compare both solutions, retaining the best of them. The CABC mimics
this process by randomly changing a cluster center in the current solution. A cluster is selected randomly, and a new instance is
also randomly selected to replace the cluster center. The new solution is then compared according to the fitness function and
replaces the old one if best. Figure 2 presents the pseudocode of the CABC algorithm.
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CABC algorithm

Inputs: X: dataset of instances
k: cluster number
I: number of iterations
n: population size
L limit of food sources
Output: € = {cy, ... ¢, }: clustering of instances

Steps: 1. Send a scout bee for random generation of 7 food sources
2. it=1
3. While it <1

a. For each employed bee assigned to a food source S;
i. Generate a new food source S, closer to the current source, as Updating(S;)
ii. If Spew is better than §;, then S; <« S;.1
else increase limit of S;
b.  For each onlooker bee
i. Fly to a food source with good nectar amount (S;)
ii. Generate a new food source S,,.,,, closer to the current source, as
Updating(Spew)
i.  If Spew is better than §;, then §; « Spew
else increase limit of §;
c.  Send the scout bee to find the food sources that have reached the limit L, and replace
them with randomly generated food sources
d. it+
4. Create a cluster € by assigning the instances in X to its closest centers, considering the centers of the
best food source
5. ReturnC

Fig. 2. Pseudocode of CABC.

In (Villuendas-Rey et al., 2021), the fitness functions used for CABC were the Dunn’s index, the Davies-Bouldin index, and the
Silhouette coefficient. In addition, the suggested parameters were using 10 bees and 50 iterations.

3.2 Partitional AntSA

The PANtSA algorithm (Ingaramo et al., 2010) is based on the Ant Tree algorithm, proposed in (Azzag et al., 2003). For a better
understanding of PANtSA, we will first explain in detail the operation of the Ant Tree algorithm. This algorithm is a pioneer in
the application of modeling the construction of nests by ants to Artificial Intelligence problems. The Ant Tree is based on
modeling the ability of ants to build living structures with their bodies and to discover, in a distributed and unsupervised way, 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 the data.

The fundamental principle of the Ant Tree is the following: each ant represents a node in the tree that will be built (i.e., the
objects that will be grouped) and there is a similarity function between two objects Sim (i, j). Based on a fictitious root node a0,
which represents the support on which the tree will be built, each ant ai will gradually be attached to the initial node and
successively to the ants already fixed until all the ants are in the structure. All movements and fixations in the structure will
depend on the value of Sim (i, ) and the neighborhood where the ants move.

Taking as inspiration the Ant Tree and particularly the AntSA, an algorithm derived from it, Ingaramo et al. propose PAntSA
(Partitional AntSA) (Ingaramo et al., 2010), specifically to improve the results of any text clustering algorithm. In PANtSA each
connected ant represents a group, and those connected to it form a simple list. Thus, when an ant a; joins the group of an ant a+
(the ant most similar to aj) denoted Ga+, the attraction is implemented simply by adding the ant to the corresponding group. The
pseudocode of the algorithm is presented below (Fig. 3).
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PANtSA Algorithm

Inputs:

T: the set of instances
A: clustering algorithm
k: number of clusters
Steps:

1.
2.

3.

Apply the algorithm A to the instances from T.
Build k rows (one for each cluster obtained in step 1) and sort them according to their
Silhouette coefficient.
Create a cluster for the first ant of each row, where such ant is the representative of the
cluster R; (the ant is the instance with higher Silhouette value).
Joint the rows in a new row F by iteratively taking the ants in non-empty rows, until all rows
are empty.
Foreachanta;inF:
a. ForeachantR;:
i. Finthe set of ants in the cluster of R;, and denote them by Ga,
ii. Computethe attractionofeachantatt(a; Ga,) = ¥aepq, Sim(a;, a)/|Ga,].
Connect the ant g, to the cluster having maximum att(a;, Ga..).
Return the obtained clusters.

4.1 Datasets

Fig. 3. Pseudocode of PAntSA.

4 Results and Discussion

Table 1. Description of the datasets used in the numerical experiments.

Although Ingaramo et al. tested the efficiency of PAntSA and showed that it is capable of improving clustering algorithms for
numerical data, to our knowledge there is no study of whether it is capable of improving the results of clustering algorithms for
mixed data, which is the objective of this work.

In the following, we present the datasets used in the experimental analysis and the performance measures used to assess the
quality of the different clustering obtained. Then, we present the results of the influence of the PAntSA on the performance of
hybrid and incomplete data clustering.

In the experiments, we used 15 mixed and/or incomplete datasets from the University of California at Irvine (UCI) machine
learning repository (Kelly, Longjohn, & Nottingham, 2023). Table 1 describes the datasets considered.

Numeric Categorical .

Dataset Instances attributes attrigbutes Classes Missing Values
anneal 898 6 32 5 X
autos 205 15 10 6 X
cmce 1473 2 8 3 X
colic.ORIG 368 7 21 3 X
credit-a 690 6 9 2 X
credit-g 1000 7 13 2

dermatology 366 1 33 6 X
heart-c 303 6 7 2 X
hepatitis 155 6 13 2 X
labor 57 8 8 2 X
lymph 148 3 15 4

postoperative 90 0 9 3 X
tae 151 3 3 2 X
vowel 990 10 3 11

Z00 101 1 16 7
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The selected datasets are labeled instances; thus, it is possible to compare the results obtained by the clustering algorithms with
respect to the true labels of the data. Although in several types of research, the cluster number is greater than the number of
classes (ex., having k equal to 50 clusters and only two or three true classes (Ahmad & Dey, 2011)), we want to explore the use
of bioinspired algorithms for finding the natural structure of data.

In the experiments, we consider that the natural structure of data is the class labels. Thus, in our experiments, the instances of
the same class should belong to the same cluster. We are not dealing with the issue of possible mislabeled or noisy instances.
That is why, in our experiments, the number of clusters to obtain was set as the number of classes in the corresponding dataset
(column “Classes” of Table 1).

4.2 Performance Measures

In this paper, we used two performance measures to evaluate the quality of the obtained clusters. The first performance measure
used was Entropy, which measures the degree of disorder of the model clustering (AM) in the obtained clusters using the
following equation:

1 m m
- Z T jog e (18)
log(|AM[) & k| = [kl

EAM

_Zlkl
E_ -
N

kEAE

where AE represents the clustering to be evaluated, |k| is the total number of objects in cluster k, |AM| is the total number of
clusters in the model clustering, and n}* is the total number of objects in cluster k that belongs to the AM clustering. The lower
the Entropy, the better the quality of the clustering.

The second validation index used was the Cluster Error, another of the internal validation indexes most used in experimental
comparisons. Its operation is based on minimizing the objects that are assigned to a different clusters from the model clustering
(AM) in the clusreting to be evaluated (AE) and its definition is given by:

1

_ _ ; m 19

= )y )
kEAE

where P¢™ is the total number of instances from the cluster k not belonging to the cluster m in AM. The lower Cluster Error the
better the clustering.

4.3 Algorithms under comparison

In the experimental comparison, six algorithms were used to cluster hybrid and incomplete data. The results obtained were
evaluated before and after applying the PAntSA. Thus, we compare algorithms of the following approaches to clustering:
partitional (kPrototypes and KMSF), hierarchical (HIMIC), ensemble (CEBMDC), evolutionary (AGKA), and bioinspired
(CABC). Regarding CABC, we computed three different versions using different fitness functions as in the original article
(Villuendas-Rey et al., 2021).

The parameters with which the algorithms will be executed are an important aspect of the experiment design (see Table 2). As
all algorithms require knowing the number of groups to form, the value assigned to this parameter will coincide, for each
dataset, with the number of classes. With this, the classes are taken as a model clustering against which to evaluate the clustering
obtained by applying the algorithms. The rest of the parameters were chosen based on studies that recommended certain values
for better performance. Furthermore, the common parameters of the different algorithms were supplied with the same value.
This allowed us to achieve a certain homogeneity and reduce a possible imbalance in the performance of one algorithm
compared to another due to the use of different values for the same parameter. In the case of dissimilarity, the HEOM function
(Wilson & Martinez, 1997) was used for all algorithms. Table 3 shows the Entropy results of the compared algorithms without
postprocessing.
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Table 2. Parameters used by the algorithms under study

Family Algorithm Parameters
Partitional KMSF None
k-prototypes  None
Hierarchical HIMIC None
Ensemble  CEBMDC Similarity threshold: 0.00
Evolutive  AGKA Population size: 10; Iterations: 50; Mutation probability: 0.05; Crossover
probability: 1

CABC-DB Food sources: 10; lterations: 50; Scout bees: 1; Limit of food sources: 2;
Fitness function: Davies-Bouldin index

CABC-DN Food sources: 10; lterations: 50; Scout bees: 1; Limit of food sources: 2;
Fitness function: Dunn’s index

CABC-ST Food sources: 10; Iterations: 50; Scout bees: 1; Limit of food sources: 2;
Fitness function: Silhouette coefficient

Bioinspired

Table 3. Entropy for compared algorithms before postprocessing. The best results for each dataset are in bold.

CABC- CABC- CABC-

Datasets KMSF kPrototypes HIMIC CEBMDC AGKA DB DN ST
anneal 0.94 1.14 1.13 1.19 1.25 0.88 0.80 0.72
autos 1.86 1.95 2.03 2.17 2.13 1.77 1.71 1.67
cme 151 151 1.49 1.50 1.53 1.46 1.49 1.48
colic.ORIG 0.94 0.93 0.95 0.95 0.95 0.81 0.84 0.82
credit-a 0.88 0.99 0.99 0.73 0.99 0.98 0.89 0.96
credit-g 0.88 0.88 0.88 0.87 0.87 0.86 0.86 0.87
dermatology  1.52 2.29 2.13 2.08 241 1.16 0.65 0.76
heart-c 0.82 0.98 0.99 0.93 1.00 0.80 0.68 0.64
hepatitis 0.72 0.73 0.73 0.73 0.73 0.72 0.67 0.58
labor 0.91 0.90 0.92 0.93 0.94 0.53 0.80 0.80
lymph 0.98 1.02 0.86 1.20 1.15 0.84 0.86 0.71
postoperative  1.02 1.01 0.95 1.01 0.98 1.22 1.19 1.20
tae 1.52 1.55 1.53 1.52 1.57 1.47 1.48 1.45
vowel 3.21 2.36 2.38 3.46 3.33 3.09 3.16 3.32
700 0.48 0.77 0.52 2.18 2.01 0.46 0.20 0.33

Table 4. Cluster Error for compared algorithms before postprocessing. The best results for each dataset are in bold.

CABC- CABC- CABC-

Datasets KMSF kPrototypes HIMIC CEBMDC AGKA DB DN ST
anneal 0.24 0.24 0.23 0.24 0.26 0.22 0.21 0.18
autos 0.59 0.59 0.62 0.67 0.62 0.50 0.45 0.50
cme 0.57 0.57 0.56 0.56 0.58 0.53 0.57 0.57
colic.ORIG 0.37 0.37 0.37 0.37 0.37 0.26 0.34 0.29
credit-a 0.34 0.44 0.44 0.21 0.43 0.43 0.34 0.44
credit-g 0.30 0.30 0.30 0.30 0.29 0.30 0.29 0.30
dermatology ~ 0.42 0.69 0.66 0.57 0.73 0.36 0.19 0.21
heart-c 0.25 0.42 0.46 0.37 0.47 0.25 0.18 0.17
hepatitis 0.21 0.21 0.21 0.21 0.21 0.20 0.18 0.20
labor 0.35 0.35 0.35 0.35 0.37 0.14 0.28 0.25
lymph 0.31 0.32 0.24 0.45 0.42 0.22 0.24 0.22
postoperative  0.30 0.30 0.30 0.30 0.34 0.35 0.33 0.34
tae 0.58 0.58 0.60 0.59 0.62 0.54 0.54 0.53
vowel 0.83 0.68 0.69 091 0.84 0.82 0.84 0.88
Z00 0.12 0.21 0.14 0.59 0.54 0.13 0.07 0.12
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As shown in Table 3, the best-performed algorithm is CABC. It demonstrates the usefulness of bioinspired algorithms in
clustering hybrid and incomplete data. In addition, it supports the idea of using different internal validity indexes as fitness
functions to guide the bioinspired optimization process. Similar results were obtained for the Cluster Error measure (Table 4).

4.4 Assessing the Influence of PANtSA

To assess the influence of PANtSA, the experiments were conducted as follows. The PAntSA (Ingaramo et al., 2010)
postprocessing was applied to each algorithm's result, obtaining a new clustering. The Entropy was also calculated for these new
results (Table 5). In each case, the number of clusters was established as the number of classes in each of the databases.

Table 5. Entropy for compared algorithms after postprocessing. The best results for each dataset are in bold.

CABC- CABC- CABC-

Datasets KMSF kPrototypes HIMIC CEBMDC AGKA DB DN ST
anneal 0.84 0.67 0.94 1.19 1.04 0.75 0.68 0.69
autos 1.56 1.61 1.83 221 1.87 1.69 1.54 1.58
cme 1.49 1.49 151 1.49 1.50 1.48 1.48 1.48
colic.ORIG 0.88 0.84 0.86 0.92 0.77 0.74 0.86 0.86
credit-a 0.94 0.86 0.99 0.69 0.96 0.66 0.74 0.97
credit-g 0.88 0.88 0.87 0.88 0.87 0.82 0.87 0.87
dermatology  1.02 0.79 0.78 1.57 1.13 0.42 0.40 0.31
heart-c 0.67 0.66 0.99 0.74 0.67 0.65 0.68 0.65
hepatitis 0.60 0.73 0.73 0.70 0.63 0.56 0.61 0.54
labor 0.90 0.88 0.80 0.90 0.72 0.59 0.69 0.69
lymph 0.77 1.01 0.80 1.20 0.95 0.77 0.78 0.60
postoperative  1.03 1.02 0.97 1.03 0.99 1.22 1.18 1.19
tae 151 1.49 1.47 1.52 143 1.46 1.46 1.44
vowel 3.41 3.42 3.33 3.46 3.41 3.21 3.34 3.28
Z00 0.27 0.51 0.29 0.99 0.34 0.34 0.25 0.25

This procedure was repeated for the Cluster Error measure (Table 6). Again, as shown in Tables 5 and 6, the best-performed
algorithm is CABC. It is important to note that postprocessing benefited all algorithms.

Table 6. Cluster Error for compared algorithms after postprocessing. The best results for each dataset are in bold.

CABC- CABC- CABC-

Datasets KMSF kPrototypes HIMIC CEBMDC AGKA DB DN ST
anneal 0.24 0.16 0.23 0.24 0.26 0.22 0.17 0.17
autos 0.46 0.47 0.57 0.67 0.56 0.49 0.45 0.45
cme 0.57 0.57 0.57 0.57 0.58 0.57 0.57 0.57
colic.ORIG 0.37 0.33 0.33 0.37 0.27 0.21 0.35 0.35
credit-a 0.41 0.29 0.44 0.20 0.43 0.17 0.21 0.44
credit-g 0.30 0.30 0.30 0.30 0.29 0.30 0.30 0.30
dermatology  0.34 0.29 0.29 0.50 0.33 0.15 0.15 0.07
heart-c 0.17 0.17 0.46 0.21 0.18 0.17 0.18 0.17
hepatitis 0.21 0.21 0.21 0.21 0.21 0.19 0.20 0.20
labor 0.35 0.35 0.35 0.35 0.22 0.16 0.19 0.19
lymph 0.21 0.33 0.23 0.45 0.26 0.19 0.19 0.14
postoperative  0.30 0.30 0.30 0.30 0.35 0.35 0.33 0.36
tae 0.56 0.55 0.53 0.59 0.49 0.49 0.53 0.53
vowel 0.89 0.89 0.87 0.91 0.87 0.87 0.88 0.88
Z00 0.08 0.17 0.08 0.27 0.14 0.12 0.08 0.08
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Figures 4 and 5 present the individual results of the algorithms before (BP) and after (AP) the PAntSA preprocessing according

to Entropy and Cluster Error, respectively.
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Fig. 4. Entropy of the algorithms before (BP) and after (AP) PANtSA (a) KMSF (b) kProtptypes (c) HIMIC (d) CEBMDC (e)
AGKA (f) CABC-DB (g) CABC-DN, and (h) CABC-ST.
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Fig. 5. Cluster Error of the algorithms before (BP) and after (AP) PANtSA (a) KMSF (b) kProtptypes (¢) HIMIC (d) CEBMDC
(e) AGKA (f) CABC-DB (g) CABC-DN, and (h) CABC-ST.

Figure 6 summarizes the average Entropy (left axis) and Cluster Error (right axis) of each method before (BP) and after (AP)
postprocessing, showing a huge improvement in the performance of the clustering algorithms.
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Fig. 6. Averaged Entropy (right axis) and Cluster Error (left axis) of the compared algorithms before (BP) and after (AP)
PANtSA preprocessing.

Despite the obvious numerical differences in the algorithms after and before the PAntSa postprocessing, we conducted a non-
parametric statistical analysis. The Wilcoxon test allows us to clarify whether PAntSA actually significantly improves or not the
results obtained by the grouping methods. For this, a confidence level of 95% 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 @ is chosen to facilitate understanding. However, for values less than 0.1, it is necessary to determine if this method
improves or worsens the results obtained by the grouping method, using the symbols © and &, respectively.

Table 7. Wilcoxon tests for Entropy measure for compared algorithms after and before postprocessing.

Pair R+ R- p-value Decision PANtSA performance
KMSF-AP vs. KMSF-BP 87.5 17.5 0.019352 Reject HO ©
kPrototypes-AP v. kPrototypes-BP 101.0 19.0 0.016803 Reject HO ©
HIMIC-AP vs. HIMIC-BP 81.5 23.5 0.061964 Do not Reject HO S
CEBMDC-AP vs. CEBMDC-BP  91.0 29.0 0.067547 Do not Reject HO S
AGKA-AP vs. AGKA-BP 100.0 5.0 0.002389 Reject HO ©
CABC-DB-AP vs. CABC-DB-BP  90.0 15.0 0.017056 Reject HO ©
CABC-DN-AP vs. CABC-DN-BP  79.5 25.5 0.072359 Do not Reject HO S
CABC-ST-AP vs. CABC-ST-BP ~ 100.0 20.0 0.012592 Reject HO ©

Table 8. Wilcoxon tests for Cluster Error measure for compared algorithms after and before postprocessing.

Pair R+ R- p-value Decision PANtSA performance
KMSF-AP vs. KMSF-BP 75.5 29.5 0.140146 Do not Reject HO D
kPrototypes-AP v. kPrototypes-BP 83.0 22.0 0.049825 Reject HO ©
HIMIC-AP vs. HIMIC-BP 74.5 30.5 0.157811 Do not Reject HO e
CEBMDC-AP vs. CEBMDC-BP  81.5 38.5 0.211476 Do not Reject HO e
AGKA-AP vs. AGKA-BP 89.0 16.0 0.020194 Reject HO ©
CABC-DB-AP vs. CABC-DB-BP 79.0 26.0 0.077701 Do not Reject HO S
CABC-DN-AP vs. CABC-DN-BP 77.5 44.5 0.360067 Do not Reject HO S
CABC-ST-AP vs. CABC-ST-BP  75.0 30.0 0.145592 Do not Reject HO O
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The symbols @ and ® mean that PAntSA significantly improved/worsened the results of the corresponding algorithm,
respectively, while the symbol © means that no significant differences were evident between the algorithm's results before and
after applying PAntSA. No evidence was found that PAntSA worsened the results obtained. As can be seen, PANtSA is capable
of significantly improving the clustering results according to Entropy obtained by all algorithms except for HIMIC, CEBMDC,
and CABC-DN which did not show significant differences at 95% of confidence. However, the p-values were lower than 0.1;
therefore, at 90% confidence, we can assure PAntSA improved the results for such algorithms.

According to the Cluster Error measure, using PAntSA significantly improved kPrototypes and AGKA with 95% confidence
and CABC-DB with 90% confidence. The remaining algorithms did not present significant improvements, although the
postprocessing results correspond to higher ranks. In no scenario did using the PANtSA postprocessing worsen the results
obtained by the clustering methods.

5 Conclusions

Obtaining high-quality clustering on hybrid and incomplete data is of particular importance. The study carried out allows us to
assert that the results obtained by clustering methods of diverse nature (partitional, hierarchical, bioinspired 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 did its application imply a detriment to it. On the other hand, the use of internal validation
indices opens new lines of research regarding the quality of the clustering since it is considered in addition to the properties of
compactness and separability. The limitations of this study are given by the amount of data and algorithms studied, so in the
future it is intended to carry out a more extensive study.
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