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Abstract
Sentence similarity determines whether two sentences are close in their structure and meaning. The detection of sentence 
similarity can be affected by several factors such as sentence representation, similarity measure, and words weighting func-
tion. In this study, the impact of three factors that influence similarity detection and paraphrasing identification is evaluated 
using clustering algorithms. In the evaluation of the impact of these factors, we tried different word embedding models, 
clustering algorithms, and weighting methods for the context words. The clustering algorithms are applied to an Arabic 
paraphrasing benchmark that consists of 1010 pairs of Arabic sentences constructed on the basis of Arabic transformation 
rules and labeled for similarity and paraphrasing. Experimental results show that pre-trained embedding, weighting context 
words with part of speech, and labeling sentence pairs by the majority of experts provides better recall and precision.

Keywords  Paraphrasing identification · K-means clustering · Agglomerative clustering · Evaluation · Sentence similarity

1  Introduction

The estimation of similarity between two parts of text either 
as words, sentences, or documents is an essential part of 
many Natural Language Processing (NLP) applications 
such as text summarization, question answering, informa-
tion retrieval, and document clustering (Klavans et al. 1999).

Semantic similarity is the score that represents semantic 
relations between two texts, such that the higher the score 
value, the more similar the meaning of the two texts (Alian 
and Awajan 2018). Deciding whether two texts have a quali-
tative semantic relation between them is a challenging task. 
A semantic relation between two texts could be a paraphrase 
relation or an entailment relation. In the former, the two 
texts share the same meaning, whereas in the latter, a text is 
inferred from the other one (Lintean and Rus 2012).

Paraphrasing is the process of representing a sentence 
with different words and structure to produce a new sentence 
(Fernando and Stevenson 2008; Awajan and Alian 2020). 
Paraphrasing may be used to exhibit a good understanding 

of what has been read by rewriting it with new words or 
structure given that the original text is referenced, otherwise 
the result will be considered a type of cheating or plagiarism.

Paraphrase identification involves the detection of differ-
ent linguistic phrases or expressions with similar meaning. 
Conversely, determining the degree of similarity is part of 
the semantic similarity task (Jaradat et al. 2017). Semantic 
similarity is also an essential part of paraphrase detection, as 
it measures the similarity score between texts to determine 
whether they are similar in meaning or not (Alian and Awa-
jan 2018; Srivastava and Govilkar 2017).

Several approaches have been developed to meas-
ure the semantic similarity between sentences. Those 
approaches can be divided into four main categories: co-
occurrence–based, statistical corpus-based, feature-based 
and word embedding-based techniques (Alian and Awa-
jan 2020). In co-occurrence–based approaches, the text is 
represented as a bag of words. In a statistical corpus-based 
approach, latent semantic analysis is applied to represent 
texts as vectors in a reduced dimensional space. Feature-
based approaches focus on two similarities: the similar-
ity of words and of word order. Finally, word embedding 
approaches consider the context of the words when repre-
senting words in the distributional space (Alian and Awajan 
2018).

The aim of this research is to examine the impact of 
factors that affect similarity detection and paraphrasing 
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identification. Our approach is developed on the basis of 
using clustering algorithms to analyze sentence distribution 
for depicting sentence similarity.

The main factors to be studied to show their impact 
include the use of word embedding, word weighting meth-
ods, and the technique employed for dataset labeling. The 
implementation of word embedding is considered by two 
methods: self-training embedding and pre-trained embed-
ding. The two methods for word weighting are also evalu-
ated, as the weight reflects the importance of the context 
word, Tf-idf, and part of speech (POS) weighting. Another 
aspect that may influence the results of similarity detection 
and paraphrasing identification as evaluated by an experi-
ment is the way in which the dataset is labeled for similarity 
either by a majority of experts or by a similarity threshold.

To analyze these factors, we use an Arabic paraphrasing 
benchmark which consists of 1010 Arabic sentence pairs. 
The first part of each pair is a sentence taken from an Arabic 
book or generated by Arabic experts from words taken from 
Arabic lexicons or the AWSS dataset (Oshea et al. 2013). 
These sentences are transformed into other sentences using 
Arabic transformation rules. This benchmark is labeled 
by Arabic students at different levels of the Art College of 
Hashemite University (Alian et al. 2019).

Two main types of clustering algorithms include the 
hierarchical and partitioning algorithms. One of the most 
commonly used partitioning algorithms is K-means, which 
is considered the simplest method for partitioning a dataset 
into clusters of similar objects. K-means is widely used for 
text clustering because of its ability to converge to a local 
optimum, although it is utilized with a massive data matrix. 
The goal of K-means is to make the distance between objects 
that belong to the same cluster as short as possible (Naeem 
and Wumaier 2018).

For hierarchical algorithms, one of the most popular 
approaches used for text clustering is agglomerative cluster-
ing, which calculates the similarity between all data points 
in all clusters and then combines the most similar points in 
a cluster (Froud and Lachkar 2013).

In this paper, we discuss how K-means clustering works 
for Arabic sentence similarity, investigate the impact of three 
factors affecting sentence similarity detection, and then com-
pare the results with the agglomerative clustering algorithm. 
Both clustering algorithms are applied to an Arabic para-
phrasing benchmark through which the impact of the three 
factors is evaluated using recall, precision, and F-measure.

This paper is organized as follows. Related studies are 
discussed in Sect. 2. The structure of the Arabic paraphras-
ing benchmark is explained in Sect. 3. A description of the 
pre-trained word embedding used in this research is provided 
in Sect. 4. The process of evaluating the three factors is pro-
vided in Sect. 5. The experiments are explored and discussed 
in Sect. 6, followed by the conclusion in Sect. 7.

2 � Related work

Several researchers have proposed different methods in the 
field of data mining to determine features or patterns in data 
and categorized data points into clusters or groups accord-
ing to their similarity and on the basis of those patterns 
(Naeem and Wumaier 2018). However, with the increase in 
the amount of available online texts, text clustering becomes 
an important task in obtaining good results for many NLP 
applications, such as text mining, information retrieval, and 
many other applications (Froud and Lachkar 2013).

For example, Lydia et al. (2018) have proposed cluster-
ing identical documents in interrelated folders and minimiz-
ing the complexity of searching for a document. They use 
K-means clustering and document preprocessing to group 
similar documents into a single cluster where the similarity 
between documents is computed based on weighted terms 
similarity. The proposed work consists of a number of steps: 
preprocessing, terms weighting, features extraction and clus-
tering. The weighting step is based on the Tf-idf while the 
pre-processing step is to remove stop words that are consid-
ered to be noise that affects the results of clustering. Then 
the extraction step of the features is performed by apply-
ing stemming to the document terms and then determining 
the Tf-idf weights for each term to filter the features to the 
maximum weighted terms. Finally, K-means is applied to 
partition the dataset into groups of similar documents.

Preprocessing methods, such as stemming, are studied 
by Bsoul and Mohd (2011) with five similarity measures to 
evaluate their impact on the performance of Arabic docu-
ment clustering. The results demonstrate that, although these 
preprocessing methods enhance precision and recall results, 
a large amount of noise will be found in the document repre-
sentation by grouping words that are not semantically simi-
lar to the same stem or failing to group semantically similar 
words to the same stem.

The work of Froud and Lachkar (2013) provides a study 
of the agglomerative hierarchical algorithm using differ-
ent linkage methods and a number of distance/similarity 
measures, such as Cosine Similarity, Euclidean Distance, 
Pearson correlation and Jaccard coefficient. The efficiency 
of using these measures is tested on clustering Arabic docu-
ments. They also investigate the effect on document cluster-
ing when applying stemming to the terms in the documents. 
The results of this study show that the ward linkage out-
performs other linkage methods while applying stemming 
provides faster clustering and produces smaller document 
representation.

While the study of Alkoffash (2012) compares the perfor-
mance of K-means and Kmediods algorithms using a labeled 
set of documents with their identified clusters. The dataset 
consists of 242 predefined clustered documents. Keywords 
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are extracted as a feature set to enhance the performance of 
document clustering. The results of the comparison show 
that the two algorithms can perform well for Arabic docu-
ments and the average precision and recall of Kmediods is 
better than Kmeans results.

Hussein et al. (2016) try to overcome the problem of the 
high dimensionality of vectors representation by reducing 
the feature set to have only key-phrases that represent each 
document. They experiment different types of similarity 
measures such as string-based, knowledge-based and corpus-
based similarity measures. The results show an improvement 
in accuracy and the complexity of the hierarchical clustering 
algorithm is reduced.

The use of neural embedding methods with clustering 
algorithms has shown a significant improvement in the per-
formance of document clustering. For example; Rahaman 
and Hosein (2017) have proposed to use Chinese Restau-
rant algorithm with Gaussian word embedding for clustering 
Arabic documents. Words are represented using Gaussian 
word embedding without the need of external information. 
The results of the proposed method provide more coherent 
clusters than those provided by traditional K-means.

Soliman et al. (2019) used K-means with word embed-
ding models to improve document clustering accuracy. They 
evaluated their work by applying Word2Vec representation 
to the terms in Arabic news documents and utilizing Euclid-
ean distance as a normalization of the length of document 
vectors. The results show that the use of embedding mod-
els with K-means clustering outperforms the traditional 
K-means with Tf-idf weighting in terms of precision, recall, 
F-measure, purity, and other measures.

The literature motivated the current authors to apply 
K-means to an Arabic paraphrasing benchmark to study 
the impact of different factors affecting sentence similar-
ity detection and paraphrasing identification through using 
different word embedding models, weighting methods, and 
dataset labeling methods.

3 � Arabic paraphrasing benchmark

Arabic Paraphrasing benchmark consists of pairs of Arabic 
sentences. The first sentence of each pair is either collected 
from books used to teach Arabic, such as Jordanian Arabic 
curriculums and lexicons (Jarim and Ali 2004; Omar 1998, 
1420; Alkholi 2001) or generated by Arabic experts based 
on Arabic Word Semantic Similarity (AWSS) dataset (Oshea 
et al. 2013). The second part of each pair is a transformed 
sentence from the first one. The two experts who collect 
and transform the sentences have a doctorate of philosophy 
(PhD) in Arabic literature and a good experience in teaching 
graduate students.

Paraphrasing in Arabic texts is based on the hypothesis: 
“two sentences are paraphrased if they consist of identical 
words except one word in the first sentence and its syno-
nym in the second one”. In addition, paraphrased sentences 
can be generated on the basis of the Arabic transformation 
rules (Al-Kholi 1999) that have been construed by Chomsky 
(1957).

The transformation rules are made up of six rules, 
namely: permutation, deletion, addition, reduction, expan-
sion, and replacement. Permutation is the process of chang-
ing the order of words in the first sentence to get a trans-
formed sentence while deletion removes one word from the 
sentence. The reduction rule replaces two words with one 
word with the same meaning. In the addition rule, a word or 
phrase is added to the structure of the sentence while in the 
expansion rule; a word is replaced by two words or phrases 
of the same meaning (Awajan and Alian 2020; Alian et al. 
2019).

Suppose that A, B, and C are words or phrases in a sen-
tence. The transformation rules that would be applied to the 
sentence in order to provide another sentence with or with-
out the same meaning are represented using these symbols 
in Table 1. These rules are described in more details by Al-
Kholi (1999).

4 � Pre‑trained word embedding

Word representation as vectors in the distributional space, 
also known as word embedding, has been commonly used 
in NLP applications. Two pre-trained word embeddings are 
used to represent context words in the Arabic paraphrasing 
benchmark: AraVec and FastText. Sentence embedding or 
sentence vector representation is computed as the mean of 
its content words embeddings.

4.1 � Arabic word embedding (AraVec)

AraVec (Mohammad et al. 2017) is a pre-trained Arabic 
word representation (i.e., word embedding model). It was 
produced using the Word2Vec skip-gram technique trained 
on three domains of Arabic content with a vector dimension 
of 300 and a vocabulary size of 145,428. Domains with Ara-
bic content articles utilized to build AraVec models include 
web pages, Arabic tweets, and Wikipedia articles. These 
domains provide more than 3.3 billion tokens employed for 
the construction of AraVec models.

In addition, AraVec is available online with vector dimen-
sions of 100 and 300, as well as skip-gram and CBOW for 
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word vectors trained on Twitter and Wikipedia Arabic 
content.1

4.2 � FastText embedding

Grave et al. (2018) contributed in a pre-trained word vector 
representation for 157 languages including Arabic. The word 
vectors have been trained on Wikipedia and the Common 
Crawl corpus using an extension of the FastText model with 
subword information. Word representations were generated 
using character ngrams, with each ngram represented as a 
vector and then taking the sum of the character ngram vec-
tors to obtain the vector representation of the word. Although 
the word with its full content characters is included as part 
of the character ngrams, the FastText model still learns one 
vector for each word (Grave et al. 2018; Bojanowski et al. 
2017). The pre-trained FastText word embedding models 
for Arabic and other languages are available online for 
300-dimensional word vectors.2

5 � Factor evaluation process

The impact of three factors that may affect the similarity 
detection between sentences and paraphrasing identification, 
is studied and evaluated by applying clustering algorithms. 
These factors are the vector representation of words, the 
weighting function of words in a sentence, and the way in 
which the dataset is labeled.

The evaluating method for the three factors is shown in 
Fig. 1. Figure 1a describes the first factor assessment process 
where the first step is to obtain words embeddings from self-
trained embeddings or pre-trained embeddings.

Self-trained embeddings are obtained from training the 
Word2Vec model on context words in the Arabic paraphras-
ing benchmark. Pre-trained embeddings are loaded, and then 
context words embeddings are obtained. Two pre-trained 
models are used: AraVec and FastText.

The sentence embedding is computed as the mean of 
its content words vectors. Words without embeddings in a 
pre-trained model are skipped in the sentence embedding 
computation.

The second factor evaluation as shown in Fig. 1b depends 
on the best results achieved by the word embedding evalua-
tion. Each word embedding is multiplied by the word weight 
which reflects the importance of a word within a sentence. 

Table 1   Transformation rules (Alian et al. 2019)

The words to which the rules have been applied are underlined

2  https​://fastt​ext.cc/docs/en/crawl​-vecto​rs.html.

1  https​://githu​b.com/bakri​anoo/arave​c.
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Two weighting methods are used: Tf-idf weight and POS 
weight.

Tf-idf is increased proportionally with the increase in 
the frequency of the word in the document but is inversely 
proportional to the word’s frequency in the corpus (Mohsen 

et al. 2018). The POS weight of each word in a sentence is 
assigned to the POS tag. To obtain these tags, the Stanford 
POS tagger for the Arabic language is used. Then, the weight 
for each type of tag is assigned according to the weights 
introduced by Nagoudi et al. (2017): verb = 0.4, noun = 0.5, 

Fig. 1   Evaluation of factors affecting sentence similarity with K-means and Agglomerative clustering
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adjective = 0.3, and preposition = 0.1. We assigned a weight 
of 0.2 to the adverb and personal pronoun tags.

The label of similarity for a sentence pair is assigned 
using two methods: labeling by a majority of experts and by 
a score threshold. Labeling by majority provides a sentence 
pair with a similar label if three of the five experts decide 
that the sentence pair is similar, otherwise a sentence pair is 
labeled as non-similar.

Labeling according to a score threshold characterizes a 
pair of sentences as “similar” if the average score of similar-
ity given by the experts is greater than or equal to 0.5. Other-
wise, the sentence pair is labeled as non-similar. The evalu-
ation of the way the dataset is labeled is shown in Fig. 1c.

After the step of representing sentences as vectors in the 
distributional space, K-means and agglomerative clustering 
algorithms are applied to these vectors with the following 
parameters: cosine similarity measure, complete linkage, 
and the number of clusters set to 1010 for the 1010 sentence 
pairs in the dataset. If the two parts of the sentence pair are 
grouped together in one cluster, then they are detected by 
the clustering algorithm to be similar; otherwise, they are 
considered dissimilar.

The average silhouette_score for all K-means and 
agglomerative experiments has been recorded in the range 
[0.48–0.53]. These values are closer to 1, an outcome which 
indicates that a sentence or data point is very similar to the 
other sentence or data point in the cluster and is far away 
from the neighboring clusters (Joshi 2017). Then, the evalu-
ation is conducted using three metrics: precision, recall, and 
F-measure.

6 � Experiment and results

Several experiments are conducted to investigate the impact 
of three factors affecting the detection of sentence similar-
ity and the identification of paraphrasing. All experiments 
are performed on the basis of K-means and agglomerative 
clustering and then evaluated using recall, precision, and 
F-measure.

In the first factor evaluation experiments, the effect of 
word embedding is tested for which three word embedding 
models are used: self-trained embedding, AraVec, and Fast-
Text. In the second factor evaluation experiments, the impact 
of the word weighting method is explored where the Tf-idf 
weight and POS weight are tested. In the third factor experi-
ments, the way in which the dataset is labeled is investigated, 
and two labeling methods are considered: labeling by the 
majority of experts and by a score threshold.

The resulting clusters containing similar sentences are 
compared with the labeled dataset to form the confusion 
matrix for each experiment and then the recall, precision, 

and F-measure are determined. The following subsections 
describe and analyze the experiments conducted.

6.1 � Word embedding method

Three experiments are performed to evaluate the method 
used to represent words in the distributional space. The first 
experiment is based on self-training embeddings, in which 
we train the Word2Vec model with a vector dimension 
of 300 and a window size of 5 on the Arabic paraphras-
ing benchmark that consists of 2020 sentences with 3145 
vocabulary terms.

The second experiment is performed on pre-trained 
embedding using the AraVec model and employs 
(77,600,000) Arabic tweets collected from different loca-
tions (Mohammad et  al. 2017). The AraVec model has 
(1476,715) vocabulary terms. The vectors of words in the 

Table 2   Similarity confusion matrix for Self-trained

(Obtained) Labeled (actual)

Similar Not similar

Same cluster 638 95
Different cluster 226 51

Table 3   Similarity confusion matrix for the AraVec pre-trained 
embeddings

(Obtained) Labeled (actual)

Similar Not similar

Same cluster 699 105
Different cluster 156 41

Table 4   Similarity confusion matrix for the FastText pre-trained 
embeddings

(Obtained) Labeled (Actual)

Similar Not similar

Same cluster 611 100
Different cluster 253 46

Table 5   The confusion matrix for paraphrasing identification with 
Self-trained embeddings

Obtained Labeled

Paraphrased Not para-
phrased

Paraphrased 576 157
Not paraphrased 188 89
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vocabulary are available online with dimensions of 100 and 
300.

In the third experiment, we use the FastText pre-trained 
embeddings with a dimension of 300 and a vocabulary size 
of (2,000,000).

In all experiments, the sentence embedding is constructed 
as the mean of its content words’ vectors derived from the 
models mentioned above. Then, K-means is used to partition 
the dataset into clusters of similar sentences. The clustering 
parameters are as follows:

•	 The number of clusters (K) is chosen as half the number 
of sentences which is equal to 1010 clusters, because 
we compare each pair of sentences if they are similar, 
paraphrased or not.

•	 The linkage approach is “complete” or “maximum.”
•	 The similarity measure is the cosine similarity.

Tables 2, 3, and 4 show the confusion matrices inferred 
from Alhawarat and Hegazi (2018) to represent the results 
of the use of self-trained, AraVec, and FastText embeddings, 
respectively, with k-means clustering for sentence similarity 
detection.

The confusion matrices for paraphrasing identification 
with self-trained embeddings, AraVec, and FastText embed-
dings are represented in Tables 5, 6, and 7, respectively.

The results of recall and precision for the detection of 
similar sentences are shown in Fig. 2, where the use of Ara-
Vec pre-trained embeddings provides better recall and preci-
sion compared to other methods.

The results of paraphrasing identification are shown in 
Fig. 3 where the pre-trained AraVec model outperforms 
other embedding models in terms of recall whereas the self-
trained model provides a better precision value.

In detecting similar sentences, the results of K-means 
with pre-trained embedding are compared to the agglom-
erative clustering (for the same clustering parameters) 
in terms of recall, precision, and F-measure as shown in 
Table 8. The performance of K-means is closer to that 
of agglomerative clustering with the AraVec model in 
terms of the F-measure value, whereas the FastText model 
achieves less value.

6.2 � Word weighting method

Each word in the structure of a sentence has a significant 
importance, and this is implemented as a weight given to 
each word using a weighting method. In this study, two 
methods of weighting are tested: Tf-idf weighting and POS 
weighting. In Tf-idf weighting, the weight is computed 
based on the frequency of the word in the sentence and the 
corpus, while in POS weighting, the weight is given to the 
POS tag of the word in the sentence (i.e. verb, noun, adverb, 
adjective, etc.).

Table 6   The confusion matrix for paraphrasing identification with 
Aravec embeddings

Obtained Labeled

Paraphrased Not 
para-
phrased

Paraphrased 611 173
Not paraphrased 148 78

Table 7   The confusion matrix for paraphrasing identification with 
FastText embeddings

Obtained Labeled

Paraphrased Not 
para-
phrased

Paraphrased 543 168
Not paraphrased 216 83

0
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recall precision
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Fig. 2   Recall and precision for self-trained and pre-trained embed-
dings for similarity
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Fig. 3   Recall and precision for Self-trained and pre-trained embed-
dings for paraphrasing identification
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The effect of adding weights to context words on the 
detection of similarity between sentences is investigated 
using K-means and agglomerative clustering with Aravec 
embeddings, and the results of these clustering algorithms 
are shown in Table 9.

When we include the weight for each word to generate 
sentence embedding, the results for sentence similarity 
detection show better recall compared to clustering without 
including weights. K-means achieves better recall and pre-
cision with the POS weighting method compared to Tf-idf 
weighting. This also provides better performance in terms of 
precision compared to agglomerative clustering.

Moreover, the results show an improvement in the 
clustering results for sentence similarity detection, taking 
into account the weight of words over clustering without 
weighting.

For paraphrasing identification, K-means with Tf-idf 
weighting show a very small difference in the recall value 
over K-means without weighting. It achieves a recall value 
of 0.785 while the recall value is 0.779 without weighting. 
Also, it achieves the same precision value of 0.81.

6.3 � Labeling dataset

Two methods are used to give the final label to the sentence 
pair in the dataset: labeling by a majority of experts and 
labeling by a similarity threshold of 0.50. In order to evalu-
ate the effect of these methods, experiments are carried out 
using K-means and agglomerative clustering with AraVec 
embeddings and Tf-idf weighting. The results of labeling by 
majority are shown in Table 10 while the results of labeling 
based on the similarity threshold are shown in Table 11.

It is shown that the choice of the way in which the data-
set is labeled has an impact on precision and recall results. 
Table 10 shows that labeling by majority provides a good 
improvement in the performance of both K-means and 
agglomerative clustering in terms of F-measure.

In addition, labeling by majority provides better recall 
using K-means while it provides better precision using 
agglomerative clustering.

7 � Conclusion

Factors affecting sentence similarity and paraphrasing iden-
tification are studied by applying different clustering algo-
rithms to an Arabic paraphrasing benchmark that consists of 
pairs of Arabic sentences with two labels, one for similarity 
and the other for paraphrasing.

The factors investigated for their impact on sentence simi-
larity detection include a word embedding model used to 
represent words as vectors, the weighting function that is 
used to represent the importance of words in a sentence, and 
the way in which sentence pairs are labeled for similarity. 
These factors are evaluated using K-means and agglomera-
tive clustering.

Clustering algorithms using AraVec pre-trained embed-
dings produce better recall value when detecting similar and 
paraphrased sentences. Conversely, using POS weighting 

Table 8   Comparing 
K-means performance with 
Agglomerative clustering

Clustering algorithm Embedding model Recall Precision F-measure

K-means Aravec 0.789351852 0.869897959 0.827669903
FastText 0.707175926 0.859353024 0.775873016

Agglomerative clustering Aravec 0.793981481 0.865069357 0.828002414
FastText 0.736111 0.859459 0.793017

Table 9   The results of adding 
weight to the words with 
clustering algorithms

Clustering algorithm Weighting Recall Precision F-measure

K-means Tf-idf 0.747685 0.875338753 0.8064919
POS 0.780093 0.884514 0.829028

Agglomerative clustering Tf-idf 0.78125 0.869845 0.823171
POS 0.828704 0.87104623 0.849348

Table 10   Labeling by majority results

Clustering algorithm Recall Precision F-measure

K-means Tf-idf 0.87468 0.790751 0.830601
K-means 0.789352 0.869898 0.82767
Agglomerative Tf-idf 0.781503 0.871134 0.823888

Table 11   The results of labeling by similarity score ≥ 50%

Clustering algorithm Recall Precision F-measure

K-means Tf-idf 0.748082 0.80137 0.77381
K-means 0.79863 0.743622 0.770145
Agglomerative Tf-idf 0.793151 0.746134 0.768924

Author's personal copy



International Journal of Speech Technology	

1 3

with word embedding provides better recall and precision 
for K-means and agglomerative clustering algorithms.

Labeling of sentence pairs by a majority of experts pro-
vides a recall of 0.87 and 0.782 for K-means and agglom-
erative clustering, respectively. By contrast, the recall value 
resulting from the labeling by a score threshold is 0.74 for 
K-means and 0.79 for agglomerative clustering. Thus, a bet-
ter recall is achieved by K-means with labeling by majority. 
Moreover, labeling by majority provides an enhancement in 
terms of the F-measure for both clustering algorithms.
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