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ABSTRACT

Clustering is fundamental for categorizing and exploring information, particularly in written
texts. Traditional clustering algorithms such as K-Means generate clusters in which each
document is assigned to a cluster based on a centroid or representative of the cluster.
Nevertheless, it is common to find situations where a single centroid is not enough to represent
a cluster. To solve this problem, some variants of the K-Means algorithm have been introduced by
considering more than one centroid per cluster. However, determining the number of centroids
per cluster is a challenge; the user must employ trial and error to determine a good value, which
is time-consuming. This paper proposes a solution to this problem for Improved-FPAC (Fast
Partitional Clustering Algorithm, one of the most recent text document cluster algorithms) by
introducing a method to compute the parameter | (number of centroids per cluster) based on the
characteristics of the corpus. Based on our experiments on different public standard data sets,
the method proposed in this paper, allows Improved-FPAC to obtain better clustering quality
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than the default value suggested by Improved-FPAC's authors.
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INTRODUCTION

Generating large volumes of textual information by large
companies or organizations requires the ability to organize
this information for decision-making, research, or knowledge
extraction; otherwise, storing this information does not make
sense. Finding the necessary information from a large amount
of data is a complex but necessary task for the daily activities of
most institutions, companies and government entities. One of the
widely used techniques to alleviate this problem is text document
clustering. Text document clustering allows us to separate similar
text documents into different clusters.

We can find several research efforts on text document clustering
in the literature. Recently, extensive studies have been carried
out on this topic where different methods have been reported in
the literature.!'" In these studies, K-Means is one of the most
commonly used algorithms for document clustering due to its
ease of implementation, direct parallelization and relatively
low computational cost.'” However, K-Means presents some
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difficulties, such as the handling of the high dimensionality of
vectors used for representing documents, which considerably
increases the algorithm’s execution times; this has encouraged the
development of new alternatives and variants of the algorithm.
One of the recently developed algorithms makes use of the
advantages of inverted lists for document retrieval, avoiding the
comparison word by word of each document through a similarity
function; this solution is presented in the FPAC algorithm,!"
improving the execution time considerably, without decreasing
the quality of the clusters. To improve the cluster quality,
Improved-FPAC!” proposes defining multiple centroids for each
cluster, which allows to increase the representativeness, without
sacrificing too much the execution time.

In Bejos S, et al,l'”! the authors experimented using different values
for the number of centroids (parameter /) ranging from 5 to 30.
They suggested using a fixed value /=10 for every corpus due to
observing a decline in clustering quality beyond this threshold
value in several corpora. However, we hypothesize that the value of
this parameter should be defined according to the characteristics
of the corpus to be clustered. For this reason, this paper proposes
a corpus characteristics-based method for determining the
number of centroids per cluster for Improved-FPAC. Our
experimental analysis revealed a discernible correlation between
the characteristics of a corpus (number of documents, number
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of words, number of classes or clusters) and the [ value that
produced the best clustering quality for this corpus. According
to our experiments on public standard corpora, the method
proposed in this paper allows Improved-FPAC to enhance its
clustering quality results. The contribution of this paper is a
method for determining the number of centroids per cluster (a
parameter of the Improved-FPAC algorithm denoted as /) based
on some of the characteristics of the corpus to cluster, such as the
number of documents, number of words and number of classes
or clusters. The proposed method facilitates the determination of
a good value for / instead of adopting a uniform fixed value for all
corpora, as suggested in Improved-FPAC. The proposed method
avoids executing the Improved-FPAC algorithm several times to
find a good value for the parameter / (the number of centroids)
that provides good clustering results.

The rest of the paper is organized as follows. In the Second
Section, we present the related work. In Section 3, our proposed
method is introduced. The experimental study appears in Section
4. Finally, Section 5 discusses our conclusions and future work.

Related Work

Currently, document clustering is widely studied and we
can find several algorithms reported in the literature.!'*>!
Among these algorithms, one that has reported good results is
Improved-FPAC."" As commented in the Introduction Section,
this algorithm is based on k-means and follows an information
retrieval approach to build the clusters. Since in this paper we
introduce a method for determining the number of centroids per
cluster to be used in Improved-FPAC, in the rest of the section,
we will review the main ideas of this algorithm.

Improved-FPAC consists of 6 steps:
e Selection of the initial centroids (one per cluster).
¢ Construction of the initial clusters as in FPAC.
e Selection of multiple centroids per cluster.

¢ Non-Centroids Assignment with multiple centroids per
cluster.

e Evaluation of the stop condition.

Selection of initial centroids

The process of selecting the initial centroids (k centroids) in the
clustering algorithm involves the following steps: Initially, one
centroid (c,) is randomly chosen from all the documents in the
corpus being analyzed. To ensure diversity among the centroids,
the next centroid (c,) is selected randomly from the documents
that have not been included in the previously retrieved list of
c,. This process is repeated for each subsequent centroid, where
each new centroid (c, and beyond) is selected randomly from the
remaining documents that have not been part of the retrieved
lists of the previously selected centroids (¢, c,, ...). The process
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continues until k initial cluster centroids have been chosen. This
approach helps to achieve a diverse and representative set of
initial centroids for the subsequent clustering process.

Construction of the initial clusters as in FPAC

To build the initial clusters, a non-centroid document d is assigned
to a cluster by utilizing the initial centroids c, ..., ¢, as queries to
retrieve k ranked lists (r) of documents r,, ..., r,. Subsequently,
if the document d is recovered solely in one ranked list, , it is
included in the cluster corresponding to centroid c. However, if
the document d is retrieved in multiple ranked lists, it is assigned
to the cluster where the normalized similarity score is maximized.
If no centroid retrieves the document d, it is randomly assigned
to any of the k clusters. This procedure facilitates the initial
assignment of documents to clusters based on their similarity to
the centroids, thus initializing the clustering process.

Selection of multiple centroids

After building the initial k clusters using Improved-FPAC, the
algorithm proceeds to compute [ centroids per cluster, where /
is calculated whit Equation 2. To achieve this, each cluster C. is
divided into [ disjoint subsets and these subsets are stored in !
lists. Improved-FPAC iterates through the documents assigned to
each cluster and distributes them into the disjoint subsets one by
one until all documents within the cluster are distributed in the
lists.

This partitioning allows each cluster to be covered by multiple
subsets and within each subset; a centroid is computed as the
average vector of the document vectors it contains. As a result,
each cluster C, obtains [ centroids, providing a more granular
representation of the cluster’s characteristics.

In summary,
centroids for each cluster C, by dividing the cluster’s documents
into [ disjoint subsets and calculating centroids based on the
average vectors of each subset. This approach contributes to the
algorithm’s ability to achieve more refined clustering results.

Improved-FPAC dynamically determines [

Non-Centroids Assignment with multiple centroids

For assigning a non-centroid document d to a cluster,
Improved-FPAC uses each of the I centroids as a query to retrieve
a ranked list r for the cluster C. The normalized retrieval score is
then computed for each centroid in each cluster C. Document d is
assigned to the cluster C, where the sum of the normalized retrieval
scores is maximum. In the same way as in the construction of the
initial clusters, the documents not retrieved by any centroid are
randomly assigned to any of the k clusters.

Evaluation of the stop condition

The selection of multiple centroids and Non-Centroids
Assignment with multiple centroids is repeated until the number
of documents that change cluster between one iteration and
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Figure 1: Improved-FPAC whit multiple centroids.

another is not greater than a percentage defined as the stop
condition; in Bejos S, et al.'! 10% was used. Below, Figure 1
illustrates the diagram of Improved-FPAC.

Although in Bejos S, et all” the authors report that
Improved-FPAC with ten centroids for each cluster obtains good
results in their experiments. However, determining the value
of this parameter is generally not easy; it forces the user to rely
on trial and error, which is impractical. For this reason, in the
following section, a method to determine the number of centroids
for Improved-FPAC from the characteristics of the corpus to be
clustered is introduced.

Our method

This section introduces a method, based on the corpus
characteristics, to calculate the number of centroids per cluster
for the Improved-FPAC algorithm (parameter [). This was
accomplished by analyzing the results of the Improved-FPAC
algorithm using different values of [ across various corpora
utilized in the experiments conducted by Bejos S, et al.l'”!
The algorithm was executed starting with a value of /=10 (as
recommended in Bejos S, ef al),!'” Then incrementally increased
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by 10 in each execution until reaching [=200. Higher values were
avoided as they did not significantly improve clustering quality.
This behavior was consistent across all the used corpora. The
F-Score metric was used to evaluate clustering quality for each
value of [ across the various corpora.

Table 1 shows the characteristics of each corpus used, i.e., number
of documents (Docs), number of words (Words) and number
of classes (Class). Additionally, the last column presents the
number of centroids per cluster (/) that yielded the best F-Score
results for the corpus among 20 executions conducted with
values ranging from 10 to 200. We chose the F-Score measure
because it is commonly used for evaluating information retrieval
and document classification algorithms, which are the basis of
Improved-FPAC.

From the experiments performed with the Improved-FPAC
algorithm, we observed that the more documents with different
vocabulary in a cluster, the more centroids are required to
represent the cluster. Note that the larger a cluster is, the more
documents it will contain (and the number of terms will likely
increase), thus more centroids will be required to represent the
cluster.
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Table 1: Best value of | and corpus characteristics.

Corpus Docs
R52 9,100
R8 7,674
20 news groups 18,248
Webkb 4,168
Hitech 2,301
BBC News 2,225
Reviews 4,069
AGNews 127,599
Health Tweets 62,718
Webace20 3,900

On the other hand, the greater the number of clusters in which the
documents are clustered, in general, the number of documents in
each cluster decreases;?" therefore, a smaller number of centroids
will be required to represent the documents within a cluster.

From the above, we can infer that the number of documents and
the vocabulary size (Words) are directly related to the number
of centroids needed to represent the clusters. In contrast, the
number of clusters (k) is inversely related to the number of
centroids required to represent a cluster. Given that a larger
k results in more clusters, each with fewer documents, fewer
centroids will be needed to represent each cluster. Conversely,
if k is small, there will be fewer clusters, but each will contain
more documents, requiring more centroids to represent each
cluster. Hence, according to the above discussion, we propose the
following expression to relate these corpus characteristics:
Docs+Words

x = Oy
k

By plotting the value of Expression 1 against the value of / that
produced the best results from the twenty executions when
ranging [ from 10 to 200 for each corpus (y-axis), we obtain a
set of points on the plane (one for each corpus); using these
points, we can find a trend line to calculate the [ value for the
improved-FPAC algorithm for an unknown corpus from its
characteristics. See Figure 2, where x is the normalized value of
Expression 1 and y is the number of centroids per cluster () that
produced the best results for the corpus, among all the executions
performed by varying the value of I between 10 and 200. The
graph in Figure 2 represents the trend line for all corpora (each
corpus corresponds to a point on the graph). Then, a logarithmic
trend line was adjusted using regression employing the residual
sum of squares.’®”

The following expression represents the trend line computed in
Microsoft Excel:

[ =48 * In(x) + 298 )
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Words Class I
18,989 52 40
17,150 8 90
69,120 20 130
7,657 4 160
22,119 6 170
20,749 5 180
44,287 5 180
41,337 4 190
80,653 16 190
11,606 20 90

This trend line will allow us to calculate the number of centroids
per cluster to be used in the Improved-FPAC algorithm from the
characteristics of the corpora.

As can be seen, in practice, applying our method requires
evaluating the expression 7, 2 where x is as specified in
expression 1. In Figure 3, we show the workflow when applying
improved-FPAC using the proposed method to compute the
number of centroids per cluster (parameter /).

It is necessary to mention that the value obtained from expression
2 must be truncated to an integer to define the value of / for each
corpus. Additionally, if the value of / is less than 10, [ is set to
10; if greater than 200, / is set to 200. In the next section, we
show that applying our proposed method to determine a value
for parameter [, which considers the corpus’s characteristics,
produces good clustering results, as evidenced in Tables 4 and 5.

EXPERIMENTS AND RESULTS

This section will show the experiments to assess the proposed
method to calculate the number of centroids per cluster for the
Improved-FPAC algorithm.

For the experiments, 20 corpora were used. The characteristics of
each corpus are shown in Table 3. The 10 Dataset Classification,
German, IMDB Movie Reviews, Medical Dataset, Ohsumed, two
corporabuilt from Reuters-21578 and Text Classification on Email
corpora were downloaded from the Kaggle website.! In addition,
six corpora were generated from the ones used for developing
our proposal and six were generated from the News Category
corpus, also downloaded from the Kaggle website. Table 2 shows
the details for building these corpora. The quality of the clusters
was evaluated using Rand Index (RI), Recall, Precision, F-Score,
Purity and Normalized Mutual Information (NMI), in the same
way as in Bejos S, et al.ll”! Below, we briefly explain the confusion
matrix, which is fundamental for understanding RI, Recall and

'https://www.kaggle.com/datasets
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Figure 2: Trend line of the values of expression 1 (x-axis) and the number of centroids per cluster yielding the highest quality resulting when
varying the values of / (y-axis).
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Figure 3: Workflow diagram when applying improved FPAC using the proposed method.

Precision. Subsequently, we provide detailed explanations of each  True Positives (TP)

of these measures. This is the number of pairs of documents that the clustering
algorithm puts together in the same cluster and they are together

The confusion matrix provides a tabular representation of in a cluster in the already known clustering.

clustering outcomes regarding an already known clustering False Positives (FP)

This is the number of pairs of documents that the clusterin,
(ground truth) in terms of True Positives (TP), False Positives P &
algorithms puts together in the same cluster and they are in

(FP), True Negatives (TN) and False Negatives (FN). different clusters in the already known clustering.
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Table 2: Description of how to build the generated corpora.

Corpus Modification

News Category 4
the corpus were removed.

News Category 5
23 were used.

News Category 8

the corpus were removed.
News Category 12

the corpus were removed.
News Category 16

the corpus were removed.
News Category 20

the corpus were removed.
03 AG News

was removed.

10 news groups
the corpus were removed.

BBC News Reviews 10

Health Tweets 8
corpus were removed.
Reuters 8
Reuters 10
from Reuters-21578.
R26
removed.
R30
removed.
True Negatives (TN)

This is the number of pairs of documents that the clustering
algorithm puts in different clusters and they are in distinct

clusters in the already known clustering.

False Negatives (FN)

This is the number of pairs of documents that the clustering
algorithm puts in different clusters and they are in the same

cluster in the already known clustering.

Next, we explain each measure used to evaluate the experiments:

RI

Rand Index measures the similarity between two clusterings
by considering all pairs of documents and calculating the
number that are either in the same or in different clusters in

both clusterings. It provides a score between 0 and 1, where
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The classes of News Category were sorted alphabetically in ascending order and the last 37 classes in

The classes of News Category were sorted alphabetically in ascending order and classes 20, 21, 22, and
The classes of News Category were sorted alphabetically in ascending order and the last 33 classes in
The classes of News Category were sorted alphabetically in ascending order and the last 19 classes in
The classes of News Category were sorted alphabetically in ascending order and the last 15 classes in
The classes of News Category were sorted alphabetically in ascending order and the last 11 classes in
The classes of AG News were sorted alphabetically in ascending order and the last class in the corpus

The classes of 20 News Group were sorted alphabetically in ascending order and the last 10 classes in

All classes of the corpora BBCNews and Reviews were included in one corpus.

The classes of Health Tweets were sorted alphabetically in ascending order and the last 8 classes in the

The classes money-fx, grain, crude, trade, interest, ship, and wheat were used from Reuters-21578.

The classes wheat, corn, dlr, money-supply, oilseed, sugar, coffee, gnp, gold, and veg-oil were used

Classes of R52 were sorted alphabetically in ascending order and the last 26 classes in the corpus were

Classes of R52 were sorted alphabetically in ascending order and the last 22 classes in the corpus were

higher values indicate better agreement between the clusterings,

considering the confusion matrix is defined as follows:

RI =(TP + TN)/TP + FP + FN + TN)

Recall

Recall measures how well a clustering algorithm identifies objects
that should be together in a cluster. It is the ratio of true positives
to the sum of true positives and false negatives. It is defined as

follows:

Recall =TP/TP + FN

Precision

Precision measures how accurate a clustering algorithm is when it
puts instances together in a cluster. It is the ratio of true positives

to the sum of true and false positives. It is defined as follows:

Precision =TP/TP + FP

Journal of Scientometric Research, Vol 14, Issue 1, Jan-Apr, 2025
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Table 3: Test corpora and corpus characteristics.

Corpus Docs Words Class
03 AG News 89,059 33,824 3
10 Dataset Classification 1,000 21,187 10
10 News groups 9,595 41,490 10
BBC News Reviews 10 6,294 47,319 10
Document Classification 5485 14,690 8
German 10,273 140,624 9
Health Tweets8 29,141 41,057 8
IMDB Movie Reviews 50,000 70,577 2
Medical dataset 14,438 24,511 5
News Category4 13,307 21,202 4
News Category8 24,045 29,102 8
News Category12 45,846 40,094 12
News Categoryl6 57,488 45,480 16
News Category20 72,924 51,420 20
Ohsumed 23,166 28,063 23
r26 8,577 18,487 26
r30 8,679 18,558 30
Reuters8 3,410 30,632 8
Reuters10 1,723 18,097 10
Text Classification on Email 9,119 80,304 5
F-SCORE
--#--- Our Method u--- Improved-FPAC Scalable K-Means
. ey T >t Sl
:1 - = i L O e SO S
= =z £ E )
c 2

Figure 4: F-Score results for each corpus for the compared methods.

F-Score (F1-Score) calculates the proportion of documents in a cluster that belong
It is defined as the harmonic mean of the clustering algorithm’s ~ to the most common class in that cluster. It Is defined as follows:
precision and recall and is defined as follows: 1
N Purity = v Z max (Intersection(C’;, T}))
2 #Precision = Recall 1 - J
F —Score= i
Precision+Recall Where:

Purity
- N is the total number of documents in the dataset.
Purity assesses how well the clusters built by a clustering

algorithm correspond to known cluster in the ground truth. It  -C, is the predicted cluster to which the i-th document belongs.
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Table 4: Comparison of results obtained using our method, the proposed value in Bejos S, et al.'"”? and Scalable K-Means. The statistically better
values were marked with an asterisk (p<0.01) and the best averages were highlighted in bold.

Corpus

03 AG News

Our Method
Improved-FPAC
Scalable K-Means
Varying |

10 Dataset
Classification

Our Method
Improved-FPAC
Scalable K-Means
Varying [
10newsgroups
Our Method
Improved-FPAC
Scalable K-Means

Varying [

BBC News Reviews

10

Our Method
Improved-FPAC
Scalable K-Means
Varying [

Document
Clasification

Our Method
Improved-FPAC
Scalable K-Means
Varying [
German

Our Method
Improved-FPAC
Scalable K-Means
Varying [

Health Tweets 8
Our Method
Improved-FPAC
Scalable K-Means
Varying [

-T is the true or actual cluster to which the j-th document belongs

200
10

200

119
10

60

160
10

200

164
10

180

121
10

10

200
10

200

183
10

200

in the ground truth.

-Intersection (C, Tj) represents the size of the intersection

between C, and T]
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AVG

0.7896*
0.6165
0.5607
0.7937

0.8936*
0.8882
0.8472
0.9167

0.8932*
0.8646
0.8206
0.8933

0.8892*
0.8776
0.8353
0.889

0.7227
0.7463
0.6606
0.7463

0.85*

0.8345
0.7991
0.8506

0.831*
0.8039
0.7869
0.8333

RI

STD

0.0786
0.0233
0.0057
0.0399

0.0161
0.015

0.0093
0.0178

0.0055
0.0082
0.0056
0.0071

0.0131
0.009

0.0153
0.0107

0.0166
0.036

0.0152
0.0314

0.0089
0.0072
0.0054
0.0077

0.0106
0.0064
0.018

0.0079

Recall

AVG

0.6936*
0.433
0.3452
0.699

0.5519*
0.482
0.2856
0.6285

0.4868*
0.3516
0.1619
0.4872

0.5202*
0.4511
0.314
0.5204

0.3115
0.4152*
0.1947
0.4152

0.3793*
0.3206
0.181
0.3795

0.3874*
0.2922
0.2552
0.3941

STD

0.1107
0.0357
0.0105
0.0576

0.0756
0.0843
0.0432
0.0999

0.0302
0.0385
0.0166
0.0342

0.043

0.0304
0.0394
0.0266

0.0346
0.0907
0.021

0.0786

0.0322
0.0268
0.0146
0.0298

0.0384
0.0244
0.0431
0.0304

Precision F-Score Purity NMI Max Iter

AVG

0.6827*
0.426
0.3424
0.6888

0.4701*
0.4406
0.2568
0.5724

0.4683*
0.3338
0.1456
0.4689

0.6156*
0.5647
0.3784
0.6148

0.7901
0.77
0.587
0.77

0.405*
0.3406
0.1926
0.407

0.4455*
0.3419
0.2883
0.454

STD AVG STD AVG STD AVG STD

0.1178 0.688*  0.1143 0.7809* 0.1186 0.5006* 0.1317 5
0.0346  0.4295  0.035 0.5371 0.0418 0.1315 0.0484 5
0.009  0.3438  0.0097 0.3884 0.0347 0.0124 0.012 10
0.059  0.6938  0.0582 0.782 0.0637  0.5083 0.0819 5

0.0711  0.5072* 0.071 0.604* 0.0821 0.5712*  0.0623 5
0.0712 0.4603  0.0772 0.5827 0.0702  0.5127 0.0775 5
0.0399 0.2703  0.0412 0.4198 0.0507 0.2767 0.0546 2
0.0826  0.5989  0.0902 0.6884 0.085  0.6618 0.087 5
0.0265 0.4773* 0.0277 0.5985*  0.0282 0.5106*  0.0222 6
0.038  0.3425 0.0382 0.4615 0.0304 0.364 0.0343 6
0.0158 0.1533  0.016  0.2514 0.0269  0.0904 0.0224 2
0.0328 0.4778  0.0333  0.5952 0.0229  0.5099 0.0249 6
0.0635 0.5616* 0.0363 0.7382*  0.0412 0.6788* 0.0282 4
0.042  0.5011  0.0318 0.6851 0.0298 0.614 0.0252 7
0.0499 0.342 0.0395 0.528 0.0554 0.4104 0.0408 2
0.0508 0.5612  0.0314 0.735 0.0357 0.6783 0.0218 4
0.0419 0.4465  0.0419 0.8035* 0.0172 0.4703*  0.028 6
0.0594 0.5366* 0.0891 0.7455 0.0259 0.3663 0.0453 5
0.0641 0.2923  0.0308 0.6913 0.0129  0.2321 0.0298 2
0.0487 0.5366  0.0796 0.7455 0.0255 0.3663 0.033 7
0.0364 0.3916* 0.0337 0.5333* 0.0467 0.3646* 0.0282 5
0.0274 0.3301  0.0259 0.4667 0.0252  0.2796 0.0243 5
0.0164 0.1866  0.0151 0.3134 0.0274  0.1079 0.0221 2
0.03 0.3927  0.0284 0.5364 0.0303 0.3668 0.0221 5
0.0403 0.4143* 0.0388 0.5851*  0.0338 0.3831* 0.0389 5
0.025  0.3151  0.0247 0.4769 0.0228 0.2345 0.0224 5
0.0557 0.2705  0.0482 0.4359 0.0584 0.1866 0.0649 2
0.0307 0.4219  0.0305 0.596 0.0184 0.3949 0.0227 5

NMI

NMI quantifies the amount of shared information between two
clusterings, considering both agreement and randomness. NMI

provides a normalized score ranging from 0 to 1, where higher

*https://lucene.apache.org/
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Table 5: Comparison of results obtained using our method, the proposed value in Bejos S, et al."” and Scalable K-Means. The statistically better
values were marked with an asterisk (p<0.01) and the best averages were highlighted in bold.

I RI Recall Precision F-Score Purity NMI Max
Iter

Corpus AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD

IMDB Movie

Reviews

Our Method 200  0.5276* 0.0169  0.5452* 0.0143  0.5267* 0.0166  0.5358* 0.0152  0.6117* 0.0382  0.0422* 0.0257 4

Improved-FPAC 10 0.505 0.0033 05277  0.0143 05048  0.0031 0.5159  0.0075 0.5463  0.02 0.0078  0.0051 4

Scalable K-Means - 0.5059 0.0056  0.5061 0.0056  0.5059 0.0056  0.506 0.0056 0.5474  0.0279  0.0085 0.0081 2

Varying [ 200  0.5279 0.0057  0.5451 0.0138  0.5271 0.0055 0.5359  0.0077 0.6124  0.0252  0.0426 0.0086 4

Medical Dataset

Our Method 178  0.6762* 0.0064  0.2404* 0.01 0.2741* 0.0135 0.2562* 0.0115 0.3824* 0.019 0.0686* 0.0213 4

Improved-FPAC 10  0.6745  0.0075 02366  0.0156 02697  0.0179 02521 0.0166 0.3759 0.0246 0.0598  0.0248 4

Scalable K-Means - 0.6636 0.002 0.2119 0.0044  0.2422 0.0046  0.2261 0.0044 0.3418 0.0095 0.016 0.0062 2

Varying ! 60 06778  0.0076 02423 00144 02772 00176 02586 0.0158 03842 0.0254 0.0745  0.0247 5

News Category 4

Our Method 183  0.6716*  0.0198 03906  0.0304 05178  0.0392 0.4453* 00342 0.6347* 0.0427 0.2073* 00392 6

Improved-FPAC 10 0.6144 0.0171  0.3009 0.0268  0.404 0.0344 0.3449 0.0301 0.5387  0.0361  0.0685 0.0313 5

Scalable K-Means - 0.5827 0.0026  0.2579 0.0056  0.3428 0.0033  0.2943  0.0042 0.4517 0.0097  0.0075 0.0044 2

Varying ! 140 0.674 00168 03933  0.0261 05226  0.0333 0.4488  0.0292 0.6483  0.0348 02207  0.0311 7

News Category 8

Our Method 168  0.797*  0.0086 0.2953*  0.0303 0.3881*  0.0343 0.3354* 00323 0.5157* 0.0263 0.2538*  0.0246 6

Improved-FPAC 10 0.776 0.0068  0.2247 0.0243  0.3033 0.0289  0.2582  0.0265 0.4458  0.0327  0.1541 0.0237 6

Scalable K-Means - 07429  0.0026 0.14 0.0051 0.1839  0.0045 0.1589 0.0046 02729 0.0138 00175  0.0077 2

Varying [ 60 0.7986 0.0072  0.2979 0.0263  0.3935 0.0296  0.339 0.028 0.5258  0.0331  0.2612 0.0244 6

News Category

12

Our Method 170 0.7938* 0.0022  0.1646* 0.006 0.334* 0.012 0.2206* 0.0078  0.4868* 0.0204 0.2169* 0.0091 6

Improved-FPAC 10 07858  0.0022 0.1355  0.0074 0.2824  0.0138 0.1832  0.0097 0.4425 0018  0.1463 00174 6

Scalable K-Means - 0.7648 0.0017  0.0994 0.0036  0.189 0.004 0.1303  0.0037 0.3513  0.0027 0.0191 0.0048 2

Varying | 120 07945  0.0031 0.1661  0.0102 0.338 0019 02228 00132 04937 0.0237 02229 00191 6

News Category

16

Our Method 163 0.8521*  0.0022 0.1837*  0.0103 0.3494*  0.0171 0.2408* 0.0128 0.4851* 0.0128 0.2648*  0.0117 6

Improved-FPAC 10 0.8462 0.0021  0.1537 0.01 0.3001 0.0172  0.2033  0.0127 0.4406 0.0179  0.2047 0.0148 6

Scalable K-Means - 0.8183  0.0026 0.0829  0.0041 0.141 0.0031 0.1044 0.0037 0287 00034 00235 0003 2

Varying [ 120 0.8529 0.0021  0.1865 0.01 0.355 0.017 0.2445  0.0126 0.4913 0.0175 0.2714 0.0142 7

News Category

20

Our Method 161  0.8822* 0.0025  0.1599* 0.0138  0.276* 0.0233  0.2025* 0.0173  0.4152* 0.0221  0.2358* 0.0154 6

Improved-FPAC 10 0.88 0.0015 0.1359  0.0097 02447  0.016  0.1747 00121 03852 0012 02033 00132 7

Scalable K-Means - 0.8527 0.0046  0.0757 0.0044  0.1045 0.0043 0.0877  0.0029 0.2264 0.0048  0.0257 0.0054 2

Varying ! 50  0.8846  0.0021 01665 00123 02936 00207 02125 00154 04346 00165 02577  0.0128 8
values indicate better agreement between the clusterings and itis - MI stands for Mutual Information between the predicted
defined as follows: clusters C and the true clusters T .

NMI=2xMI/H(C)+H(T) - H (C) represents the Entropy of the predicted clusters C.

Where: - H (T') represents the Entropy of the true clusters T'.
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Table 6: Comparison of results obtained using our method, the proposed value in Bejos S, et al."”’ and Scalable K-Means. The statistically better
values were marked with an asterisk (p<0.01) and the best averages were highlighted in bold.

I RI Recall Precision F-Score Purity NMI Max
Iter

Corpus AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD
ohsumed
Our Method 110  0.8874 0.0006  0.0792* 0.0035 0.134 0.0047  0.0996 0.004 0.2565 0.0054  0.1164* 0.0051 8
Improved-FPAC 10 0.8877 0.0007  0.0757  0.0056  0.1303 0.0082  0.0957 0.0066  0.242 0.0086  0.1051 0.0082 5
Scalable - 0.8812 0.0013  0.0591 0.0016 0.094 0.0028 0.0726 0.0018  0.1977 0.0062  0.0391 0.0041 2
K-Means
Varying [ 40 0.8877 0.0008  0.0798  0.005 0.1357  0.0075  0.1005 0.006 0.2544 0.0074  0.1191 0.0072 10
126
Our Method 73 0.7519 0.0135 0.162 0.0454 0.8308  0.0389  0.269%4 0.0623  0.8027* 0.0134  0.486* 0.0151 10
Improved-FPAC 10 0.7606* 0.0178  0.2087* 0.0594  0.8045 0.0573  0.329* 0.0786  0.7556 0.0106  0.4359 0.0189 10
Scalable - 0.7215 0.0068 0.1057  0.0136  0.565 0.0614 0.1779 0.0217  0.6679 0.0201  0.2822 0.0172 2
K-Means
Varying [ 10 0.7606 0.0112  0.2087  0.0392  0.8045 0.0297  0.329 0.0525  0.7556 0.0115  0.4359 0.0126 10
r30
Our Method 66 0.7529 0.007 0.1428  0.0233  0.8269 0.0348  0.2432 0.0347  0.7986* 0.0146  0.4853* 0.0145 10
Improved-FPAC 10 0.7741* 0.0181  0.2295* 0.0597 0.8429  0.0631 0.3586* 0.0801 0.7633 0.0182  0.4568 0.0219 10
Scalable - 0.7247 0.0061 0.1014  0.0201  0.5348 0.0563  0.1698 0.0284  0.6517 0.0181 0.2766 0.0192 2
K-Means
Varying | 10 0.7741 0.0103  0.2295 0.0356 0.8429  0.032 0.3586 0.0493  0.7633 0.0157  0.4568 0.0113 10
Reuters8
Our Method 152 0.8269* 0.0153  0.3751* 0.0546 0.4344* 0.0579 0.4026* 0.0562 0.5599* 0.0592  0.4179* 0.0638 5
Improved-FPAC 10 0.7866 0.0137  0.2687  0.0275 0.2973 0.0388  0.2821 0.032 0.4285 0.0403  0.2223 0.0448 4
Scalable - 0.775 0.0104 0.2168  0.0223  0.2475 0.0289  0.231 0.0247  0.3781 0.0416  0.146 0.0351 2
K-Means
Varying [ 200 0.8331 0.0138 0.3914 0.0337 0.4568 0.0441  0.4215 0.038 0.5791 0.0468  0.4391 0.0511 5
Reuters10
Our Method 112 0.861* 0.0083  0.3432* 0.0406 0.3501* 0.0399 0.3466* 0.0399  0.475* 0.045 0.4044* 0.0378 5
Improved-FPAC 10 0.8414 0.0076  0.26 0.0335 0.2612  0.034 0.2605 0.0336  0.3855 0.0331  0.2762 0.0413 4
Scalable - 0.8257 0.0057 0.2215 0.0374 0.2073 0.0286 0.214 0.0324  0.3259 0.0308 0.1896 0.0374 2
K-Means
Varying [ 140  0.8623 0.0068 0.3606  0.0346 0.3589  0.033 0.3596 0.0337  0.4868 0.03 0.4182 0.0401 7
Text
Clasification On
EMail
Our Method 200  0.6932* 0.0173  0.35* 0.035 0.5443* 0.0396 0.4259* 0.0373  0.6435* 0.0322  0.2773* 0.0423 5
Improved-FPAC 10 0.641 0.0104 0.2617 0.0185 0.418 0.026 0.3219 0.0217  0.553 0.0415 0.1191 0.0221 4
Scalable - 0.6145 0.0046  0.2257  0.0049  0.3555 0.0094 0.2761 0.006 0.4862 0.016 0.0362 0.0112 2
K-Means
Varying [ 100 0.6942 0.0156 0.3542  0.0275  0.5465 0.0365  0.4297 0.031 0.646 0.0425  0.2804 0.0339 4

Concerning the parameter k and the termination criterion within
Improved-FPAC, we established that the count of clusters to be
constructed (parameter k) matches the count of classes present
in each corpus. The maximum number of iterations was set to
10 because, in our experiments, the Improved-FPAC algorithm
usually stops before reaching this number of iterations;!'” we
can also observe this fact in the last column of Tables 4, 5 and
6, which shows the maximum number of iterations (Max Iter)
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performed for each corpus and each method. In our experiments,
the maximum value of 10 was reached only in two of the corpora
(r26 and r30). The stopping criterion (convergence) was defined
as having less than 10% of documents reassigned to different
clusters between two iterations.

As information retrieval system for Improved-FPAC, we used

the Apache Lucene implementation version 7.3.2 A Red Hat
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Enterprise Linux Server Release 7.5 (Maipo) with 160 processors
and 128 GB of memory was used for running all our experiments.
Our method was applied to each corpus to determine the value
of the parameter . Once the value of | was determined, the
Improved-FPAC algorithm was executed with this value and
the quality of the resulting clustering was evaluated. Due to the
randomness of Improved-FPAC in steps 1 and 4, the algorithm was
executed ten times in each corpus and the average quality of the
10 executions is reported. On the other hand, the Improved-FPAC
algorithm was applied ten times in each corpus using /=10 as the
number of centroids as suggested in."”? Additionally, in the same
way as in,""” we included the results obtained by Scalable K-means
in our experiments. Finally, to appreciate the effectiveness of our
proposal, we also performed a kind of semi-exhaustive trial and
error evaluation of the Improved FPAC algorithm, which was
executed (also ten times) by varying the value of I from 10 to 200
with increments of 10 and the best result is reported.

The results of the experiments are shown in detail in Tables
4-6. These tables are divided into separate blocks; each block
corresponds to a corpus and has five rows; in the first row, the
name of the corpus is found and in the remaining four rows, the
quality of the clustering results obtained by Improved-FPAC are
shown as follows: the second row shows, the results obtained by
applying our method to determine the value of the parameter /;
the third row shows the results obtained by using /[=10; the fourth
row shows the best result by varying the value of / from 10 to 200;
and the fifth row shows the quality results obtained for Scalable
K-Means. The first column displays the name of the clustering
method used and the second column shows the number of
centroids per cluster for the respective method. Columns three
through fourteen present the average and standard deviation
results for RI, Recall, Precision, F-Score, Purity and NMI. The last
column of these tables shows the maximum number of iterations
in all repetitions. In the results, the best outcome achieved for
each method in each of the corpora is highlighted in bold-text as
it can be seen in Tables 4-6, the standard deviation is very small
in all cases. In Figure 4, we can see the summarized results for
the three compared methods using the F-Score metric. The x-axis
displays the corpora used in the experiments, while the y-axis
shows the F-Score value obtained for each method and corpus.

In Figure 4, we can see the summarized results for the three
compared methods using the F-Score metric; the x-axis displays
the corpora used in the experiments, while the y-axis shows the
F-Score value obtained for each method and corpus. From this
figure, we can also see that using our proposal for calculating the
number of centroids per cluster allows obtaining the best results
in most cases. According to our experiments, in 16 of 20 corpora,
the quality of the clustering obtained by the Improved-FPAC
algorithm with the value of I calculated using our

Journal of Scientometric Research, Vol 14, Issue 1, Jan-Apr, 2025

method yields better results than the value of / recommended
in Bejos S, et al.'"”! These results are obtained regardless of the
evaluation measure used; see the second and third rows in each
block in Tables 4, 5 and 6. To validate these results, we applied the
statistical Wilcoxon signed-rank test with p<0.01, which showed
that our proposed method is statistically better (see entries
marked with an asterisk in Tables 4-6) than the method proposed
by Bejos S, et al,'”! on these 16 datasets. Although the quality of
the clustering obtained by the Improved-FPAC algorithm using
the value of [ calculated by our method did not coincide in all
cases with the best clustering computed by Improved-FPAC
varying [ between 10 and 200, it was close to the best option.
Our experiments show that Scalable K-means obtained the worst
quality results in all the corpora.

CONCLUSION AND FUTURE WORK

This work introduces a method to compute the number of
centroids per cluster (parameter [) for the Improved-FPAC
algorithm. The proposed method considers the characteristics
of the corpus (number of documents, vocabulary and number
of classes) to determine the value for parameter I. To calculate
the value of I, some corpora widely used in the literature were
used to create an equation from a trend line obtained from the
relationship between the best quality value obtained by varying
the number of centroids from 10 to 200 and the characteristics
of each corpus.

In our experiments, we confirmed a relationship between the
characteristics of the corpus and the value of the parameter /
that should be used in the Improved-FPAC algorithm to obtain
better-quality results. In most of the evaluated corpora, the
quality obtained with our method exceeds that obtained by
using the fixed value suggested."”! Additionally, our proposal
allows obtaining quality values close to the best quality found by
varying [. However, using our method, it is not necessary to run
the algorithm several times changing the number of centroids to
find the option with the best quality result, which is not an option
in practice.

In future work, we will modify Improved-FPAC to allow dynamic
values of [. Starting from the value defined by our current
proposal and dynamically increasing or decreasing it according
to the number of documents and vocabulary size of each cluster
and the quality results obtained in each iteration of the algorithm.

FPAC uses each cluster center as a query to retrieve a list of
documents, assigned to that cluster without requiring distance
calculation. However, as the number of centroids increases, in
Improved-FPAC, the possibility of overlap and the number of
distance calculations also increases. To avoid this, it is necessary
to improve the query used in the cluster computation to remove
those terms already included in a centroid, reducing overlap and
potentially improving the algorithm’s performance.
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