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Abstract. “Short-text clustering” is a very important research field due
to the current tendency for people to use very short documents, e.g. blogs,
text-messaging and others. In some recent works, new clustering algo-
rithms have been proposed to deal with this difficult problem and novel
bio-inspired methods have reported the best results in this area. In this
work, a general bio-inspired method based on the AntTree approach is
proposed for this task. It takes as input the results obtained by arbitrary
clustering algorithms and refines them in different stages. The proposal
shows an interesting improvement in the results obtained with different
algorithms on several short-text collections.

1 Introduction

Nowadays, the huge amount of information available in the Web offers an unlim-
ited number of opportunities to use this information in different real life prob-
lems. Unfortunately, the automatic analysis tools that are required to make this
information useful for the human comprehension, such as clustering, categoriza-
tion and information extraction systems, have to face many difficulties related
to the features of the documents to be processed. For example, most of Web
documents like blogs, snippets, chats, FAQs, on-line evaluations of commercial
products, e-mails, news, scientific abstracts and others are “short texts”. This is
a central aspect if we consider the well-known problems that short documents
usually pose to different natural language processing tasks [1,2].

During the last years, different works have recognized the importance (and
complexity) of dealing with short documents, and some interesting results have
been reported in short-document clustering tasks. These studies include the cor-
relation between internal and external validity measures [3], the estimation of
the hardness of short-text corpora [1,2] and the use of bio-inspired methods [4,5].

Recently, the AntSA-CLU algorithm [6] reported the best results in exper-
iments with different short-text collections of small size. AntSA-CLU is a hi-
erarchical AntTree-based algorithm which incorporates two main concepts: the
Silhouette Coefficient [7] and the idea of attraction of a cluster. A key compo-
nent of AntSA-CLU is the initial data partition generated by the CLUDIPSO
algorithm [4,5] which is used to generate new and better groupings.



Despite the good performance showed by AntSA-CLU in that work, some
important aspects of this approach deserve a deeper analysis. These aspects can
be summarized by the following questions:

1. can these ideas used in AntSA-CLU be successfully applied in other arbitrary
algorithms? or, in other words, can they be used in a general improvement
method for arbitrary clustering algorithms?

2. is the AntSA-CLU ’s effectiveness limited to small size collections or it can
be an useful algorithm for arbitrary size short-text collections?

In the present work, we will address these questions by using a simplified and
more general version of AntSA-CLU, named Partitional AntSA? (PAntSA?) and
considering in the experiments a more representative set of short-text collections.
PAntSA? is the partitional version of the herarchical AntSA-CLU method where,
furthermore, it is not assumed as input the results of any particular clustering
algorithm. In that way, PAntSA? will take the clusterings generated by arbitrary
clustering algorithms and attempt to improve them by using techniques based
on the Silhouette Coefficient and the idea of attraction.

The remainder of the paper is organized as follows. Section 2 describes the
main ideas of PAntSA?, the method proposed as a general improvement tech-
nique for short-text clustering algorithms. The experimental setup and the anal-
ysis of the results obtained from our empirical study is provided in Section 3.
Finally, some general conclusions are drawn and possible future work is discussed.

2 The PAntSA? Algorithm

The Partitional AntSA? (PAntSA?) algorithm is a bio-inspired method intended
to improve the results obtained with arbitrary document clustering algorithms.
Document clustering is the unsupervised assignment of documents to unknown
categories. This task is more difficult than supervised document categorization
because the information about categories and correctly categorized documents
is not provided in advance. PAntSA? is the partitional version of the AntSA
(AntTree-Silhouette-Attraction) algorithm. AntSA is based on the AntTree al-
gorithm [8] but it also incorporates information related to the Silhouette Coeffi-
cient and the concept of attraction of a cluster in different stages of the clustering
process.

In AntSA, each ant represents a single datum from the data set and it moves
in the structure according to its similarity to the other ants already connected to
the tree under construction. Each node in the tree structure represents a single
ant and each ant represents a single datum. Each ant to be connected to the tree
represents a data to be classified. Starting from an artificial support called a0,
all the ants will be incrementally connected either to that support or to other
already connected ants. This process continues until all ants are connected to
the structure, i.e., all data are already clustered.

The whole collection of ants is initially represented by a (possibly sorted) list
L of ants waiting to be connected in further steps. During the tree generation



process each selected ant ai will be either connected to the support (or another
ant) or moving on the tree looking for an adequate place to connect itself. The
simulation process continues until all ants have found the more adequate place;
either on the support or on another ant.

Fig. 1. A tree interpreted as a non hierarchical data partition (adapted from [8]).

The resulting tree (see Figure 1) can be interpreted as a data partition (con-
sidering each ant connected to a0 as a different group) as well as a dendrogram
where the ants in the inner nodes could move to the leaves following the most
similar nodes to them.

An important aspect is the initial arrangement of the ants in the L list. Since
the algorithm iteratively proceeds taking the ants from L, this list determines the
order in which ants will be considered to be connected in the support structure
(each one representing a different group). For this reason, the features of the
first ants in L will significantly influence the final result.

AntSA differs from AntTree in two main steps: a) the initial ordering step
that establishes how the ants will be initially ordered in L ; b) the comparison of
an arbitrary ant with the ants connected to the support ; this process determines
the primary cluster assignments of ants, depending on the selected path. AntSA
basically attempts to improve the performance of AntTree by:

1. considering in the initial step of AntTree, additional information about the
Silhouette Coefficient of previous clusterings;

2. using a more informative criterium (based on the concept of attraction) when
the ants have to decide which path to follow when they are on the support.

2.1 Using Silhouette Coefficient information of previous clusterings

The initial ordering step defines the order in which ants will be connected to
the support (each one representing a different group). Therefore, any little mod-
ification in this ordering will significatively impact the clustering results. Our
proposal consists in taking as input the clustering obtained with some arbitrary
clustering algorithm and using the Silhouette Coefficient (SC) information of
this grouping to determine the initial order of ants.

The Global Silhouette (GS) coefficient is an Internal Clustering Validity Mea-
sure (ICVM) which has shown to be a very effective cluster validation tool.
However, some recent works have proposed other uses of this measure, spe-
cially in the context of short-text clustering problems. In [2] for example, the



evaluation of the GS coefficient and other ICVMs on the “gold standard” of
different short-text collections is proposed as a method to estimate the hardness
of those corpora. GS has also been used as an explicit objective function that
the clustering algorithms attempt to optimize. This idea has recently been used
in short-texts clustering tasks, using discrete and continuous Particle Swarm
Optimization (PSO) algorithms as function optimizers [4,5]. In these works, a
discrete PSO algorithm named CLUDIPSO obtained the best results on different
short-text corpora when the GS measure was used as objective function.

The GS measure combines two key aspects to determine the quality of a given
clustering: cohesion and separation. Cohesion measures how closely related are
objects in a cluster whereas separation quantifies how distinct (well-separated)
a cluster from other clusters is. The GS coefficient of a clustering is the average
cluster silhouette of all the obtained groups. The cluster silhouette of a cluster C
also is an average silhouette coefficient but, in this case, of all objects belonging
to C. Therefore, the fundamental component of this measure is the formula used
to determine the SC value of any arbitrary object i, that we will refer as s(i)
and that is defined as s(i) = b(i)−a(i)

max(a(i),b(i)) with −1 ≤ s(i) ≤ 1. The a(i) value
denotes the average dissimilarity of the object i to the remaining objects in its
own cluster, and b(i) is the average dissimilarity of the object i to all objects in
the nearest cluster. From this formula it can be observed that negative values
for this measure are undesirable and that we want for this coefficient values as
close to 1 as possible.

The SC-based ordering of ants carried out in this stage determines which will
be the first ants connected to the support structure. The ants with the highest
SC value within each group will be considered more desirable because they are
the most representative ants of their groups.

2.2 Using an attraction-based comparison

Another key aspect for an arbitrary ant ai on the support is the decision about
which connected ant a+ should move toward. In fact, this decision will determine
the group in which ai will be incorporated. AntTree takes into account for this
decision, the similarity between ai and its most similar ant connected to the
support (a+). This is a “local” approach that only considers the ant directly
connected to the support structure (a+) but it does not take into account the
ants previously connected to a+, that will be denoted as Aa+ . In the AntSA
algorithm a more global approach that also considers some information on Aa+

is used. If Ga+ = {a+} ∪ Aa+ is the group formed by a+ and its descendants,
this relationship between the group Ga+ and the ant ai will be referred as the
attraction of Ga+ on ai and will be denoted as att(ai,Ga+).

The idea of having different groups exerting some kind of “attraction” on the
objects to be clustered was already posed in [9], where it was used as an efficient
tool to obtain “dense” groups. In the present work, we will give a more general
sense to the concept of attraction by considering that att(ai,Ga+) represents
any plausible estimation of the quality of the group that would result if ai were



incorporated to Ga+ (Ga+ ∪{ai}). Thus, the only modification that AntSA intro-
duce to AntTree in this case is the use of att(ai,Ga+) instead of Sim(ai, a

+) to
determine the ant a+ with the highest att(ai,Ga+) value. Then, ai will be moved
toward a+ and will continue looking for a suitable place to connect itself, either
to a+ or to some a+’s descendant.

To compute att(ai,Ga+) we can use any ICVM that allows to estimate the
quality of individual clusters, and to apply this ICVM to Ga+∪{ai}. For instance,
any cohesion-based ICVM could be used in this case, but other more elaborated
approaches (like the density-based ones) would also be valid alternatives. As an
example, an effective attraction measure is the average similarity between ai and
all the ants in Ga+ as shown in Equation 1.

att(ai,Ga+) =

∑
a∈Ga+

Sim(ai, a)

|Ga+ | (1)

2.3 PAntSA?, a partitional simplified version of AntSA

When a hierarchical organization of the results is not required, some parameters
and initialization steps required by AntSA are not necessary. Removing these
aspects, which are specific to the tree generation, results in a partitional version
of AntSA, named PAntSA?, which is simpler and more efficient than the orig-
inal AntSA algorithm. PAntSA? is also based on the use of the GS Coefficient
and the idea of attraction-based comparison. However, PAntSA? does not build
herarchical structures which have roots (ants) directly connected to the support.
In PAntSA?, each ant aj connected to the support (a0) and its descendants (the
Gaj group) is considered as a simple set. In that way, when an arbitrary ant ai

has to be incorporated to the group of the ant a+ that more attraction exerts
on ai, this step is implemented by simply adding ai to the Ga+ set.

The resulting PAntSA? algorithm is given in Figure 2, where it is possible to
observe that it takes an arbitrary clustering as input and carries out the following
three steps, in order to obtain the new clustering:

1. Connection to the support.
2. Generation of the L list.
3. Cluster the ants in L.

In the first step, the most representative ant of each group of the clustering
received as input is connected to the support a0. This task involves to select the
ant ai with the highest SC value of each group Ci, and to connect each one of
them to the support by generating a singleton set Gai .

The second step consists in generating the L list with the ants not connected
in the previous step. This process also considers the SC-based ordering obtained
in the previous step, and merges the remaining (ordered) ants of each group
by iteratively taking the first ant of each non-empty queue, until all queues are
empty.

In the third step, the order in which these ants will be processed is determined
by their positions in the L list. The clustering process of each arbitrary ant ai



simply determines the connected ant a+ which exerts more attraction on ai

(according to Equation 1) and then includes ai in the a+’ group (Ga+). The
algorithm finally returns a clustering formed by the groups of the ants connected
to the support.

function PAntSA?(C) returns a clustering C?

input: C = {C1, . . . , Ck}, an initial grouping
1. Connection to the support

1.a. Create a set Q = {q1, . . . , qk} of k data queues (one queue for each
group Cj ∈ C).

1.b. Sort each queue qj ∈ Q in decreasing order according to the Silhouette
Coefficient of its elements. Let Q′ = {q′1, . . . , q′k} be the resulting set of
ordered queues.

1.c. Let GF = {a1, . . . , ak} be the set formed by the first ant ai of each
queue q′i ∈ Q′. For each ant ai ∈ GF , remove ai from q′i and set
Gai = {ai} (connect ai to the support a0).

2. Generation of the L list
2.a. Let Q′′ = {q′′1 , . . . , q′′k} the set of queues resulting from the previous

process of removing the first ant of each queue in Q′.
Generate the L list by merging the queues in Q′′.

3. Clustering process
3.a. Repeat

3.a.1 Select the first ant ai from the list L.
3.a.2 Let a+ the ant with the highest att(ai,Ga+) value.

Ga+ ← Ga+ ∪ {ai}
Until L is empty

return C? = {Ga1 , . . . ,Gak}

Fig. 2. The PAntSA? algorithm.

3 Experimental Setting and Analysis of Results

For the experimental work, seven collections with different levels of complexity
with respect to the size, length of documents and vocabulary overlapping were
selected: CICling-2002, EasyAbstracts, Micro4News, SEPLN-CICLing, R4, R8+ and R8-.

CICling-2002 is a well-known short-text collection that has been recognized in
different works [10,11,3,2,4,5] as a very difficult collection since its documents are
narrow domain scientific abstracts (short-length documents with a high vocab-
ulary overlapping). Micro4News is a low complexity collection of medium-length
documents about well-differentiated topics (wide domain). The EasyAbstracts cor-
pus is composed of short-length documents (scientific abstracts) on well differ-
entiated topics (medium complexity corpus). Finally, SEPLN-CICLing is a corpus



that it is supposed to be harder to cluster than the previous corpora since its
documents are narrow domain abstracts. SEPLN-CICLing and CICling-2002 have
similar characteristics. However, all the SEPLN-CICLing’s abstracts guarantee a
minimum quality level with respect to their lengths, an aspect that is not assured
by all the CICling-2002’s documents.

The four previous corpora are small size collections that allow to carry out
a very detailed analysis which would be difficult with standard large size col-
lections. Unfortunately, if only these collections were considered in our study it
would not be possible to determine if the conclusions also apply to larger col-
lections. For this reason, other three larger collections were considered in the
experiments: R4, R8+ and R8-. These collections are subsets of the well known
R8-Test corpus, a subcollection of the Reuters-21578 dataset. The R4 collection
has the same number of groups that the previous collections (4 groups) but it is
considerably larger. The R8+ and R8- collections have 8 groups like the original
R8-Test but they differ in the length of their documents. The length of the R8+’s
documents is, on average, ten times the length of the R8-’s documents 1.

The documents were represented with the standard (normalized) tf -idf cod-
ification after a stop-word removing process. The popular cosine measure was
used to estimate the similarity between two documents. The parameter set-
tings for CLUDIPSO and the remainder algorithms used in the comparison with
PAntSA? correspond to the parameters empirically derived in [5]. The attrac-
tion measure (att(·)) used in our study corresponds to the formula presented in
Equation 1.

3.1 Experimental results

The results of PAntSA? were compared with the results of other four clustering
algorithms: K-means, K-MajorClust [9], CHAMELEON [12] and CLUDIPSO [4,5].
K-means is one of the most popular clustering algorithms whereas K-MajorClust
and CHAMELEON are representative of the density-based approach to the
clustering problem and have shown interesting results in similar problems 2.
CLUDIPSO is a bio-inspired algorithm, which attempts to optimize the GS co-
efficient of the clusterings by using a discrete PSO approach. This algorithm has
obtained in previous works [4,5] the best results in experiments with the four
small size short-text collections presented in Section 3 (CICling-2002, EasyAbstracts,
Micro4News and SEPLN-CICLing).

The quality of the results was evaluated by using the classical (external)
F -measure on the clusterings that each algorithm generated in 50 independent
runs per collection. The reported results correspond to the minimum (Fmin),
maximum (Fmax) and average (Favg) F -measure values. The values highlighted
in bold in the different tables indicate the best obtained results.

1 A more detailed description of these corpora is given in [10,2,4].
2 The K-MajorClust algorithm is based on the MajorClust algorithm proposed in [9],

but it was modified to generate exactly K groups.



Micro4News EasyAbstracts SEPLN-CICLing CICling-2002

Algorithms Favg Fmin Fmax Favg Fmin Fmax Favg Fmin Fmax Favg Fmin Fmax

K-Means 0.67 0.41 0.96 0.54 0.31 0.71 0.49 0.36 0.69 0.45 0.35 0.6

K-Means? 0.84 0.67 1 0.76 0.46 0.96 0.63 0.44 0.83 0.54 0.41 0.7

K-MajorClust 0.95 0.94 0.96 0.71 0.48 0.98 0.63 0.52 0.75 0.39 0.36 0.48

K-MajorClust? 0.97 0.96 1 0.82 0.71 0.98 0.68 0.61 0.83 0.48 0.41 0.57

CHAMELEON 0.76 0.46 0.96 0.74 0.39 0.96 0.64 0.4 0.76 0.46 0.38 0.52

CHAMELEON? 0.85 0.71 0.96 0.91 0.62 0.98 0.69 0.53 0.77 0.51 0.42 0.62

CLUDIPSO 0.93 0.85 1 0.92 0.85 0.98 0.72 0.58 0.85 0.6 0.47 0.73

CLUDIPSO? 0.96 0.88 1 0.96 0.92 0.98 0.75 0.63 0.85 0.61 0.47 0.75

Table 1. Best F -measures values per collection.

R4 R8- R8+

Algorithms Favg Fmin Fmax Favg Fmin Fmax Favg Fmin Fmax

K-Means 0.73 0.57 0.91 0.64 0.55 0.72 0.60 0.46 0.72

K-Means? 0.77 0.58 0.95 0.67 0.52 0.78 0.65 0.56 0.73

K-MajorClust 0.70 0.45 0.79 0.61 0.49 0.7 0.57 0.45 0.69

K-MajorClust? 0.70 0.46 0.84 0.61 0.5 0.71 0.63 0.55 0.72

CHAMELEON 0.61 0.47 0.83 0.57 0.41 0.75 0.48 0.4 0.6

CHAMELEON? 0.69 0.6 0.87 0.67 0.6 0.77 0.61 0.55 0.67

CLUDIPSO 0.64 0.48 0.75 0.62 0.49 0.72 0.57 0.45 0.65

CLUDIPSO? 0.71 0.53 0.85 0.69 0.54 0.79 0.66 0.57 0.72

Table 2. Best F -measures values per collection.

Tables 1 and 2 show the Fmin, Fmax and Favg values that K-means, K-
MajorClust, CHAMELEON and CLUDIPSO obtained with the seven collec-
tions. These tables also include the results obtained with PAntSA? taking as
input the groupings generated by these algorithms. They will be denoted with
a “?” superscript. Thus, for example, the results obtained with PAntSA? taking
as input the groupings generated by K-Means, will be denoted as K-Means?.

These results confirm the good performance that CLUDIPSO has already
shown in previous works with the four small size collections. It achieves the high-
est Fmax values in Micro4News, EasyAbstracts and SEPLN-CICLing and the highest
Fmin value for CICling-2002. However, these results obtained by CLUDIPSO are
clearly improved by PAntSA? which not only obtains the same highest Fmax val-
ues as CLUDIPSO, it also obtains the highest Fmin and Favg values for EasyAb-

stracts, SEPLN-CICLing and CICling-2002 and the best Fmax value reported in this
work for CICling-2002. With respect to Micro4News, it is interesting to observe that
the best Fmin and Favg values for this collection are also obtained by PAntSA?

but, in this case, with the groupings generated by K-MajorClust.
PAntSA? also exhibited good improvement capabilities with the larger short-

text collections as can be appreciated in Table 2. Here, PAntSA? obtained the
highest F values for R4 by improving the groupings obtained by K-Means and
CHAMELEON, the highest F values for R8- by improving the groupings ob-



tained by CHAMELEON and CLUDIPSO and the the best F values for R8+ by
improving the groupings obtained by CLUDIPSO and K-Means.

Up to now, our analysis has been focused on the best obtained values for each
collection. However, it is also interesting to make a comparison between the re-
sults that the different algorithms obtain on the seven considered collections and
the results that PAntSA? obtains taking as input the clustering generated by
these algorithms. Tables 3 and 4 facilitate this comparison by presenting the
results of each algorithm with the corresponding results obtained by PAntSA?

in these cases. The highlighted best values show that PAntSA? seems to obtain a
considerable improvement level on all the collections and algorithms considered
in the experiments. As un example, when PAntSA? takes as input the cluster-
ings generated by K-MajorClust, these results (identified as K-MajorClust?) are
consistently better than (or as good as) those obtained by the K-MajorClust al-
gorithm, on the seven considered collections. These improvements obtained with
PAntSA? can also be observed for the remaining algorithms.

Micro4News EasyAbstracts SEPLN-CICLing CICling-2002

Algorithms Favg Fmin Fmax Favg Fmin Fmax Favg Fmin Fmax Favg Fmin Fmax

K-Means 0.67 0.41 0.96 0.54 0.31 0.71 0.49 0.36 0.69 0.45 0.35 0.6

K-Means? 0.84 0.67 1 0.76 0.46 0.96 0.63 0.44 0.83 0.54 0.41 0.7

K-MajorClust 0.95 0.94 0.96 0.71 0.48 0.98 0.63 0.52 0.75 0.39 0.36 0.48

K-MajorClust? 0.97 0.96 1 0.82 0.71 0.98 0.68 0.61 0.83 0.48 0.41 0.57

CHAMELEON 0.76 0.46 0.96 0.74 0.39 0.96 0.64 0.4 0.76 0.46 0.38 0.52

CHAMELEON? 0.85 0.71 0.96 0.91 0.62 0.98 0.69 0.53 0.77 0.51 0.42 0.62

CLUDIPSO 0.93 0.85 1 0.92 0.85 0.98 0.72 0.58 0.85 0.6 0.47 0.73

CLUDIPSO? 0.96 0.88 1 0.96 0.92 0.98 0.75 0.63 0.85 0.61 0.47 0.75

Table 3. Results of PAntSA? vs. groupings generated by different algorithms.

R4 R8- R8+

Algorithms Favg Fmin Fmax Favg Fmin Fmax Favg Fmin Fmax

K-Means 0.73 0.57 0.91 0.64 0.55 0.72 0.60 0.46 0.72

K-Means? 0.77 0.58 0.95 0.67 0.52 0.78 0.65 0.56 0.73

K-MajorClust 0.70 0.45 0.79 0.61 0.49 0.7 0.57 0.45 0.69

K-MajorClust? 0.70 0.46 0.84 0.61 0.5 0.71 0.63 0.55 0.72

CHAMELEON 0.61 0.47 0.83 0.57 0.41 0.75 0.48 0.4 0.6

CHAMELEON? 0.69 0.6 0.87 0.67 0.6 0.77 0.61 0.55 0.67

CLUDIPSO 0.64 0.48 0.75 0.62 0.49 0.72 0.57 0.45 0.65

CLUDIPSO? 0.71 0.53 0.85 0.69 0.54 0.79 0.66 0.57 0.72

Table 4. Results of PAntSA? vs. groupings generated by different algorithms.



Despite the excellent results shown by PAntSA? in the previous comparisons,
it is important to observe that, at least in the case of the Fmin value obtained
with K-Means? in R8-, it is possible to observe a deterioration with respect to
the K-Means’ result. This result suggests that, despite the average improve-
ments that PAntSA? achieves on all the considered algorithms, and the highest
Fmax values obtained on the seven collections, a deeper analysis is required that
also considers the improvements (or the deteriorations) that PAntSA? carries
out on each particular clustering that it receives as input. The graphics shown
in Figure 3 can help to understand this last aspect. Here, the F -measure val-
ues obtained in 50 experiments with two different algorithms (black line) are
shown, together with the F -measure values that PAntSA? obtained with these
clusterings as input (dashed gray line). The graphic on the left, clearly shows
that PAntSA? improves all the results of this algorithm. However, in the graphic
on the right, a lower effectiveness level of PAntSA? can be observed.

Fig. 3. PAntSA?: significant (left) and minor (right) improvement level.

These observations pose some questions about how often (and in what ex-
tent) we can expect to observe an improvement in the quality of the clusterings
provided to PAntSA?. Tables 5 and 6 give some insights on this subject, by
presenting in Table 5 the improvement percentage (IP ) and the improvement
magnitude (IM) obtained with PAntSA?, whereas Table 6 gives the deterio-
ration percentage (DP ) and the deterioration magnitude (DM) that PAntSA?

produced on the original clusterings. The percentage of cases where PAntSA?

produces clusterings with the same quality as the clusterings received as input
(SQP ) can be directly estimated from the two previous percentages. Thus, for
example, PAntSA? produced an improvement in the 94% of the cases when re-
ceived the clusterings generated by K-Means on the Micro4News collection, giving
F -measures values which are (on average) a 0.18 higher than the F -measures
values obtained with K-Means. In this case, DP = 4% and DM = 0.05 meaning
that in 2% of the experiments with this algorithm and this collection, PAntSA?

gave results of the same quality (SQP = 2%).
With the exception of the K-Means - R4 combination, where PAntSA? does

not obtain significant improvements, the remaining experimental instances are
conclusive about the advantages of using PAntSA? as a general improvement



4MNG Easy SEPLN-CIC CIC-2002 R4 R8- R8+

Algorithms IP MP IP MP IP MP IP MP IP MP IP MP IP MP

K-Means 94 0.18 94 0.24 100 0.14 96 0.09 56 0.1 70 0.07 97 0.07

K-MajorClust 50 0.03 94 0.13 94 0.04 100 0.09 96 0.05 61 0.06 97 0.07

CHAMELEON 87 0.11 100 0.17 100 0.07 75 0.08 91 0.09 85 0.1 100 0.13

CLUDIPSO 74 0.05 86 0.05 84 0.03 92 0.03 76 0.12 84 0.09 89 0.06

Table 5. IP and MP values

4MNG Easy SEPLN-CIC CIC-2002 R4 R8- R8+

Algorithms DP DM DP DM DP DM DP DM DP DM DP DM DP DM

K-Means 4 0.05 6 0.04 0 0 4 0.03 44 0.07 30 0.04 2 0.003

K-MajorClust 0 0 0 0 6 0.01 0 0 4 0.03 38 0.04 2 0.001

CHAMELEON 0 0 0 0 0 0 25 0.06 8 0.02 14 0.03 0 0

CLUDIPSO 6 0.04 14 0.02 16 0.02 8 0.009 24 0.05 16 0.04 10 0.03

Table 6. DP and DM values

method. Thus, for example, in 4 experimental instances (algorithm-collection
combinations) PAntSA? obtained an improvement in the 100% of the exper-
iments. This excellent performance of PAntSA? can be easily appreciated in
Figure 4, where the IP (white bar)), DP (black bar) and SQP (gray bar) val-
ues are compared but considering in this case the improvements/deteriorations
obtained in each one of the seven collections.

Fig. 4. IP , DP and SQP values per collection.

4 Conclusions and Future Work

In this work we presented PAntSA?, a general bio-inspired method to improve
the short-text clustering task. PAntSA? achieved the best Fmin, Fmax and Favg



values on all the considered collections. These results were obtained by improving
the clusterings obtained with different clustering algorithms.

PAntSA? does not guarantee an improvement of all the clusterings received
as input. However, a decrease in the F -measure values of the results produced
by PAntSA? is not a very frequent result. This claim is supported by the fol-
lowing experimental data: on the total of experiments (1400 = 7 collections × 4
algorithms × 50 runs per algorithm) PAntSA? obtained 1211 improvements, 48
results with the same quality and only 141 lower quality results.

A direct extension to this work, is to provide to PAntSA? with a clustering
generated by the own PAntSA? algorithm. This idea gives origin to an iterative
version of PAntSA? which has already given some interesting results, even in
those cases where PAntSA? is provided with random initial clusterings.
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