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Abstract. Text mining, in particular the clustering is mostly used by search
engines to increase the recall and precision of a search query. The content of
online websites (text, blogs, chats, news, etc.) are dynamically updated, never-
theless relevant information on the changes made are not present. Such a scenario
requires a dynamic text clustering method that operates without initial knowledge
on a data collection. In this paper, a dynamic text clustering that utilizes Firefly
algorithm is introduced. The proposed, aFA g, Clustering algorithm automati-
cally groups text documents into the appropriate number of clusters based on the
behavior of firefly and cluster merging process. Experiments utilizing the
proposed aFA ;. were conducted on two datasets; 20Newsgroups and Reuter’s
news collection. Results indicate that the aFA,,..,. generates a more robust and
compact clusters than the ones produced by Bisect K-means and practical General
Stochastic Clustering Method (pGSCM).

Keywords: Firefly algorithm - Text clustering - Text mining - Agglomerative
clustering

1 Introduction

Text clustering technique is widely applied in Information Retrieval (IR) (i.e. search
engine) to enhance and improve the retrieval process [1]. Text clustering classifies a
collection of documents clusters, where documents with high similarity between them
is located in one cluster and the ones with less similarity are in another cluster [2]. Based
on literatures [3, 4], text clustering methods can be divided into two main categories;
partitional clustering and hierarchical clustering. The first category, groups a set of
documents into flat clustering based on pre-defined criteria such as the one implemented
in K-means [6]. On the other side, hierarchical clustering classifies a collection into
hierarchical structure such as shown in Bisect K-means [5]. Based on previous studies
[5, 6], it is learned that hierarchical clustering is better than partitional clustering in
generating quality results. However, the Bisect k-means requires initial information
about the dataset such as the number of clusters. Such information which must be
provided by the dataset owner may be not available in some situation, hence indicating
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the need for an alternative clustering algorithm that does not rely on initial description
of a collection that is under analysis.

In literatures [1, 3, 7], some researchers try to overcome this problem by two
approaches; estimation [1] and swarm [3, 7]. The first approach utilizes performance
metrics to identify the number of cluster but this approach relies on the determination
of the upper and lower value of a metric’s range. The second approach is more preferable
as it works dynamically. In this paper, a variant of Firefly algorithm text clustering,
denoted as aFA g, is proposed. This algorithm has ability the to automatically deter-
mine the optimal number of clusters without any initial knowledge about a collection
(e.g. number of clusters). Further, the aFA ;.. employs a new procedure in merging the
obtained clusters and this is based on a threshold. The proposed merging algorithm is
believed to be dynamic as it clusters any given collection into the optimal number of
clusters. The rest of the paper is organized as follows; Sect. 2 includes a discussion on
related work. Section 3 contains elaboration on the proposed aFA e clustering algo-
rithm while Sect. 4 includes the experimental results. Finally, the conclusion of the work
is presented in Sect. 5.

2 Related Work

Hierarchical clustering is an efficient technique in information retrieval as it can be used
to construct a hierarchy of nested clusters [4, 8]. Existing Hierarchical clustering
methods can be classified into two categorized; divisive and Agglomerative clustering
algorithms [9, 10]. Divisive clustering algorithms operate with a single large cluster and
divide it until the desired number of clusters is generated or a stopping condition is met.
It final outcome will be a tree of clusters. The Bisect K-means [4, 9] is a familiar method
of divisive clustering, where at each level, Bisect K-means utilizes K-means [5] to split
a cluster into two clusters. The process of splitting continues until it obtains £ number
of clusters.

On the other hand, the agglomerative clustering algorithms start with multi clusters,
where each cluster includes one or more documents. These clusters later undergo a
merging process based on chosen linkage metric. There are three linkage metrics; The
Single Linkage Hierarchical Clustering (SLHC), Complete Linkage Hierarchical Clus-
tering (CLHC) and Average Linkage Hierarchical Clustering (ALHC) [11]. The Single
Linkage Hierarchical Clustering (SLHC) is a simple agglomerative clustering that
measures similarity between two clusters by the closest pair of data objects. SLHC
merges two clusters that have high similarity or have least amount of distance between
closest pair. It is susceptible in dealing with noise and outliers [12]. On the other hand,
the Complete Linkage Hierarchical Clustering (CLHC) measures the similarity between
two clusters by farthest pair of data objects. CLHC merges two clusters that have
minimum similarity or have maximum distance between pair of objects which is reverse
of SLHC [13]. CLHC is less susceptible to noise and outliers, however it can break large
groups and prefer spherical shapes [12]. The Average Linkage Hierarchical Clustering
(ALHC) is one of the most popular agglomerative clustering to merge two clusters [10].
An example of ALHC is Un-weighted Pair Group Method with Arithmetic Mean
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(UPGMA) [4, 10] which is based on the group average similarity among all objects in
two clusters. The advantage of this method is that it can transact with dynamic data sets
and prevents overlapping clustering [14]. However, the UPGMA consume high compu-
tational time [4]. The formula of merging two clusters as in UPGMA is based on cosine
similarity and is shown in Eq. 1.

Y X Similarity (D;. D)
ieCjeC (1)

NN,

UPGMA,; =

where, N; is the number of documents in cluster i, and N; is the number of documents in
cluster j.

In [10], Yujian and Liye presented an improved Un-weighted Multiple Group
Method with Arithmetic Mean (UMGMA) to solve the problem of tie trees (two or more
trees create from analysing related populations) in UPGMA. The result enhances the
UPGMA and produces a unique tree. However, this process also requires high compu-
tational time. In [4], Murugesan and Zhang proposed to utilize UPGMA to refine clusters
generated by Bisect K-means and to reduce the time complexity of UPGMA. The result
of the proposed method outperformed bisect K-means in three performance metrics;
however, such approach relies on a predefine value (i.e. number of clusters).

In some other related work [7, 15, 16], clustering methods using swarm intelligence
algorithm were introduced. Swarm based clustering has the ability to automatically
determine the optimal or near optimal number of clusters. Swarm based clustering adapts
the behavior of a specific insect or animal in the nature and converts it to heuristics rules.
Flocking based approach [15] relates to the behavior of group of flocks, while the Ant
based clustering [16] operates based on the behavior of ants. In the work of Tan et al.
[7], the practical General Stochastic Clustering Method (pGSCM) that simplifies the ant
based clustering was introduced on multivariate real world data.

Following the ant approach, another known swarm algorithm is the Firefly Algorithm
(FA) which was introduced by Yang in 2010 [17, 18]. FA relates with the behavior of
firefly insect that can automatic subdivide division into subgroups and offers the capa-
bility of multi-modality. FA has two major factors; the flashing light that is indicates
fitness of a firefly and the attractiveness between fireflies that represent the distance
between two fireflies. FA was presented to solve various optimization problems,
including economic dispatch problems [24], anomaly detection [25], and data clustering
[26, 27]. As the utilization of FA has proven to be successful, this study proposes hier-
archical text clustering that is based on Firefly algorithm.

3 Proposed Clustering Method

Figure 1 presents the main steps in the proposed aFA .. Clustering; document clustering
using Enhanced Weight-based Firefly algorithm [19] and cluster merging using an
enhanced UPGMAE with cluster selection.
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Clustering using Enhanced Weight-
based Firefly Algorithm (WFA )

==

Merging Algorithm using (enhanced
UPGMA with cluster selection)

<=

Obtained Clusters

Fig. 1. Two main steps in aFA ..

3.1 Clustering using Enhanced Weight-based Firefly Algorithm II (WFAy)

Referring to the work presented in WFAII [19], the number of fireflies used in the clus-
tering process equals the number of documents. Initially, the weight of each document
is assigned to each firefly as its initial light as shown in step 2 in Fig. 2. Fireflies compete
between each other based on the brightness of light and similarity between them as
illustrated in steps 9 and 10 in Fig. 2. If two fireflies are successful, the one with a bright
light will attract the less bright one and the position of the firefly with the less bright
light will be changed, where it is moved near to the winning firefly. After some number
of iteration (in this study, it is set to 20), all fireflies are ranked based on their brightness.
Firefly with the brightness light is chosen as center of cluster. Relevant documents are
assigned to this first cluster, while the remaining documents (fireflies) are ranked again
to produce a new center and new clusters. This process continues until the last document
is clustered. The number of clusters obtained via the clustering process is usually large;
hence there is a need to merge the produced clusters.

3.2 Merging Algorithm

The obtained clusters are later merged using the Enhanced Un-weighted Pair Group
Method with Arithmetic Mean (UPGMAGE) and cluster selection. The required process
in the proposed UPGMA; is illustrated in the following steps:
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Stepl: Generate Initial population of firefly xi where i=1, 2,.., n, n=number of
fireflies (documents).

Step2: Initial Light Intensity, [=total weight of document.

Step3: Define light absorption coefficient y, initial y=1.

Step4: Define the randomization parameter o,x=0.2.

Step5: Define initial attractiveness £5,=1.0.

Step6: While t < Number of iteration

Step7: Fori=1to N

Step8: For j=1 to N

Step9: If (total weight Ii < total weight Ij){

Step10: If Similarity (i, j) >= Threshold {

Step11: Calculate distance between i, j using equation below:

CartesianDis tan ce(Xl-,Xj) = 21/()(,' —Xj)2

j— rl"
Step12: Calculate attractiveness using equation: f = Bo exp( 7y

%)
Step13: Move document i to j using equation: Xi = Xi +p* (Xj - Xi) tag;
Step14: Update light intensity (I) using equation: d)=1d )+ p

J J

Step15: End For j

Step16: End For i

Step17: Loop

Step18: Rank to find best document.

Fig. 2. Pseudo code of weight-based firefly algorithm IT (WFAy) [19]

Step 1: Check whether to merge the first cluster with other clusters of the produced
clusters (i.e. output clusters). If no merging is required, eliminate the first cluster
from the output clusters (meaning that the cluster is not included in merging
process), then the second cluster becomes the first cluster. The process of step
2-7 continues until the last cluster becomes the first cluster.

Step 2:  Suppose that C; and C, are two clusters that are to be merged, and suppose that
P, and P, are the number of documents in the two clusters respectively.

Step 3: Suppose that CSim is the Cosine similarity matrix between the two clusters,
C; and C,. The documents in C; is represented as row and the documents in
C, is represented as column. The value of CSim matrix is equal to 1 if the
document in C, is similar to document in C,, else is equal to 0. The similarity
between two documents is based on threshold.

Step 4:  If (number of documents in cluster C; >= 2 and number of documents in cluster
C, >= 2) OR (If number of documents in cluster C; >= 3 and number of
documents in cluster C, == 1) OR (If number of documents in cluster C, >=3
and number of documents in cluster C; == 1) then
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Step 5: Calculate the average similarity between two clusters as in Eq. 2.

o ’i CSim (Ci, Cj) )
P2 2)

==

i=1 j=1

Where, P, is the number of document in the first cluster, P, is the number of document
in second cluster, C; is the first cluster and C; is the second cluster.

Step 6:  Calculate the merge threshold as in Eq. 3 below.

round <P1;P2> -1
MergeThreshold(MT) = floor Pl a2 * 10 10 3

Step 7:  If the value of Eq. 2 is larger than the MergeThreshold in Eq. 3, as shown in
Eq. 4, then combine the two clusters C; and C, in one cluster.

Pl P2
1 CSim (Ci, Gj)
1 Z, Zf — = >= MergeThreshold (MT) @

Step 8:  If (number of documents in cluster C; >= 2 and number of documents in
cluster C, >= 1) OR If (number of documents in cluster C, >= 2 and number
of documents in cluster C; >= 1)

Step 9:  Combine C; and C,, if Eq. 5 is true

PL+P2
round< ; )

S S S ®)
P1 % P2

MergeThreshold(MT) =

Step 10: If (number of documents in cluster C; >= 1 and number of documents in
cluster C, >=1)
Step 11: Combine C; and C,, if CSim (C,, C,) equals 1.

Clusters selection operates once the merge using UPGMAg, is performed. The
merging may produce pure clusters but they are of different sizes (big and small size of
clusters). Hence, there is a need to select the big size clusters (the pure ones with large
number of documents) and merge them with small size clusters (clusters with small
number of documents). The cluster selection process chooses clusters that exceed an
identified threshold which is (50, n/20) as adopted from [15, 16]. The required steps in
cluster selection is shown in the following.
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Step 1: Set selected threshold equal to min (50, n/20), where n is the total number of
documents.

Step 2: For i = 1 and until the number of produced clusters

Step 3: If length (C;) >= min (50, n/20)

Step 4: Save C; in selected clusters (Big size clusters)

Step 5:  Else Save C; in non-selected clusters (small size clusters)

Step 6: End.

4 Experimental Results

In order to evaluate the proposed aFA ,;qc, an experiment was conducted on two datasets;
the 20Newsgroups [20] and Reuters [21]. Table 1 depicts a summary on the datasets.

Table 1. Characteristics of datasets

Datasets Total of documents | Number of classes | Number of terms
20Newsgroups | 300 3 2275
Reuters 300 6 1212

The evaluation of aFA .. is performed based on three external metrics mostly
used in text clustering. These metrics are Purity, F-measure and Entropy [4]. Results
obtained by the proposed aFA,,,. is compared against the ones produced by two
types of clustering methods; static method such as Bisect K-means [4, 9] and
Dynamic method such as pGSCM [7]. All experiments were carried out in Matlab
on windows 8 with a 2000 MHz processor and 4 GB memory. The execution of
aFA g, Bisect K-means [4, 9] and pGSCM [7] is of ten (10) times and the average
value of the metrics were recorded.

4.1 Results and Discussion

Table 2 tabularizes the experimental results of Purity, F-measure, and Entropy for the
three clustering; aFA.,., Bisect K-means [4, 9] and pGSCM [7]. As can be seen from
data in Table 2, the purity value for aFA s is higher than Bisect K-means and pGSCM
in both datasets; 20Nwesgroups and Reuters. The highest purity value are (0.4920) and
(0.6217) while Bisect K-means produces (0.4303) and (0.4150), and pGSCM generates
(0.3853) and (0.2357). The illustrative Purity results of the proposed aFA .., Bisect
K-means and pGSCM is shown in Fig. 3(a). On the other hand, despite of aFA .
generating the highest F-measure in the Reuters dataset, it was defeated by Bisect K-
means for the 20Newsgroups dataset. This is shown in Fig. 3(b). Further, it is noted from
Table 2 that the Entropy of the proposed aFA, .. is less than Bisect K-means and
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pGSCM in both datasets, where the best value of proposed aFA e is (1.3319) while
Bisect K-means generates (1.4621) and (1.8839), and pGSCM generates (1. 5630) and
(2.5144). The Entropy results of aFA .., Bisect K-means and pGSCM is illustrated in
Fig. 3(c). It is learned from the literature that high value of purity and F-measure (i.e.
value approaching 1) and small Entropy value (approaching to 0) indicates a better
clustering (quality clusters) [4, 22].

Table 2. Clustering results: aFA ¢ vs. bisect K-means vs. pGSCM.

Datasets Algorithms | Performance metrics # Number of
Purity F-measure | Entropy clusters
20News- aFA perge 0.4920 0.4764 1.3319 3
groups (0.0190) (0.0032) (0.0335)
Bisect K- 0.4303 0.5264 1.4621 3
means (0.1150) (0.0717) (0.1875)
pGSCM 0.3853 0.3571 1.5630 6
(0.0159) (0.0275) (0.0132)
Reuters aFA perge 0.6217 0.5538 1.3414 6
(0.0042) (0.0024) (0.0154)
Bisect K- 0.4150 0.4307 1.8839 6
means (0.1022) (0.1142) (0.3037)
pGSCM 0.2357 0.2400 2.5144 6.3
(0.0147) (0.0108) (0.0245)

Note: highlighted value in ‘bold’ ‘indicates the best value while the standard deviation is included

in ().

As can be observed in Table 2, the number of obtained clusters by the proposed

aFA jergc s (3) for 20Newsgroups dataset and (6) for Reuters dataset. Such a result is the
same as the original classes. On the other hand, pGSCM generates double the number
of clusters (i.e. 6) for 20Newsgroups dataset. Figure 3(d) shows the graphical represen-
tation of the obtained results on number of clusters. In addition, it can see from Table 2,
in most metrics, the standard deviation of solution found by proposed aFA ., is smaller
than the ones obtained using the other two methods; Bisect K-means and pGSCM. As
noted from [23], the lower the value of standard deviation for solution generated by a
specific method, the better the solution is. Hence, the obtained clustering results indicate
that the proposed aFA ., is a better clustering than the chosen benchmark methods.



22 A.J. Mohammed et al.

;
.

Bisect Kemeans
| pESTH

Mlewsyrougs Seuters Dhiswsguss
Datasets Datasets
(a) Purity (b) F-measure
=
Kemeans
GSCM
- pesch ;
5
5
1
05
1
n 2N R
lewsgroups =¥ euters 0 rreren - s
Datasets
(c) Entropy (d) Number of obtained Clusters

Fig. 3. Cluster quality results and number of clusters: aFA ¢ vs. bisect K-means vs. pGSCM.

5 Conclusion

In this study, a dynamic text clustering method based on Firefly algorithm is proposed.
The aFA e uses fireflies to automatically classify text documents without the need of
prior knowledge on the data collection. The obtained clusters were then refined using
the Enhanced Un-weighted Pair Group Method with Arithmetic Mean (UPGMAE) and
cluster selection. The proposed aFA,..,. is realized on benchmark datasets which
includes 20Newsgroups and Reuters news. Experimental results demonstrate that
aFA . Clustering produces better clusters than Bisect K-means and pGSCM. Further-
more, aFA .. clustering produced the exact number of clusters as occurred in the actual
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grouping. Such a result indicates that the proposed aFA .., Would be useful for a search
engine in presenting users with the required retrieval.
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