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Abstract 

In recent years, surprising amounts of news, messages, and reviews of products and services are generated in the online social 
media. Several efforts are being dedicated to detecting topics, as well as mining opinions in these unstructured texts. There 
are several approaches that compute opinion polarity, and some of them consider topics for their textual analysis. Nevertheless, 
discovering topics in opinions continues being challenging; due to opinions are generally short and informally written. Besides, 
opinions do not have a defined structure in several paragraphs; they are presented most of the time as a composition in a 
paragraph. In this paper, we propose a method to detect polarity in opinions by topics. Our proposal contributes to the fuzzy 
polarity calculation of detected topics in Spanish opinions. This method is comprised of three main steps: (1) preprocessing, 
(2) topic detection and (3) fuzzy polarity detection. It is important to notice the added values of this paper are: (1) the topic 
detection proposal based on the semantic processing when applying the clustering algorithm on opinion sentences, and (2) 
the evaluation of different aggregation operators for determining the opinion polarity from a fuzzy logic perspective. Aiming 
at assessing the quality of the resultant polarity detection by topics, we have conducted two main experiments over the Spanish 
corpus of opinions about Andalusian Hotels from the TripAdvisor site. The results have shown that our method is able to 
detect the topics correctly, as well as calculating their opinion polarities. 
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1. Introduction  

User-generated content is increasing every day due to the development of technologies such as Cloud 
Computing, Internet of Things, Social Networks and Mobile Computing. Several efforts are being dedicated to 
mining opinions from the unstructured texts generated in the online social media [1]. Therefore, the research field 
Sentiment Analysis, also called Opinion Mining, is so prolific today. 

Opinion mining is the field of study that analyses people’s opinions, sentiments, appraisals, attitudes, and 
emotions toward entities and their attributes expressed in written texts [2]. Before analyzing in-depth the relevant 
topics and events, the huge amount of available data must be filtered [3][4]. Monitoring and summarizing 
information generated from social media about which the participants discuss, argue or express their opinions 
can be carried out by applying topic detection techniques. Identifying topics is of great importance to determine 
on which issue users are giving their criteria [5]. There are several approaches that compute opinion polarity, and 
some of them consider topics for their textual analysis [4][6][7][8][9][10][11][12]. Nevertheless, discovering 
topics in opinions continues being challenging; due to opinions are generally shorts and informally writing.  

Traditional topic models such as Probabilistic Latent Semantic Analysis (pLSA) and Latent Dirichlet 
Allocation (LDA) are unsupervised methods for extracting topics in text documents (e.g., LDA has been applied 
in textual domains of online communities [13] whereas pLSA for extracting topics from web blog documents [5]. 
However, some researchers consider LDA and PLSA do not model properly the aspects of the reviews made on 
the web [2][14]. Clustering text segment approaches for topic discovery have been declared in [8][15][16]. Their 
inspiring ideas are based on the necessity of keeping the document structure through segments to capture the 
semantics of texts. Some arguments of the application of topic detection and tracking with Opinion Mining are 
based on a document may contain positive and negative information in multiples topics that could be of interested 
of users; in this case, it is important to identify topics and opinions independently [5][17][18]. The goal can be 
even more ambitious and find the topics according to the different aspects and sentences, and aggregate their 
polarity values through fuzzy operators [19]. Thus, we have the challenge of discovering topics in opinions to 
respond to the information need of knowing what the users' opinions are about. On the other hand, there are many 
publicly available lexicons aim to the polarity determination, vagueness resolution in opinionated text, and other 
sentiment analysis tasks [20], such as SentiWordNet [21], which has been also applied in a topic and subtopic 
discovery solutions [17]. A lexicon is a dictionary of sentiment words and phrases with their polarities and 
strengths [22], which are usually represented through scores that indicate degrees of positivity, negativity, and 
neutrality/objectiveness of sentiment words. However, how to combine these fuzzy values to get to a more 
realistic value reflecting the opinion polarity strength still needs to be improved [23].  

To address these challenges, in this paper we propose an unsupervised method to detect polarity in opinions 
by topics. Our proposal contributes to the fuzzy polarity calculation of detected topics in Spanish opinions from 
an unsupervised lexicon-based approach. This method is comprised of three main steps: (1) preprocessing, (2) 
topic detection and (3) fuzzy polarity detection. The SpanishSentiWordNet lexicon [24] was used as a sentiment 
score values source. The topic detection approach is based on clustering sentences from the opinion corpus, 
focused on the semantic processing of the content. Several fuzzy operators were evaluated for aggregating the 
sentiment scores from SpanishSentiWordNet and computing the polarities scores of the opinions. Two 
experiments over the Spanish corpus of opinions about Andalusian Hotels from the TripAdvisor site were carried 
out, and the results have shown that our method is able to detect the topics correctly, as well as calculating their 
polarity. It is important to notice the added values of this paper are: (1) the topic detection proposal based on the 
semantic processing when applying the clustering algorithm on opinion sentences, and (2) the evaluation of 
different aggregation operators for determining the opinion polarity from a fuzzy logic perspective.  

The rest of this paper is organized as follows. Section 2 describes in details our semantic approach for topic-
based polarity detection. Section 3 presents the evaluation of our proposal based on two main experiments. 
Towards the end, we provide some concluding remarks and future research directions. 



 Alejandro Ramón Hernández  et al. / Procedia Computer Science 162 (2019) 849–856 851Alejandro Ramón Hernández et al./ Procedia Computer Science 00 (2019) 000–000 

1. Introduction  

User-generated content is increasing every day due to the development of technologies such as Cloud 
Computing, Internet of Things, Social Networks and Mobile Computing. Several efforts are being dedicated to 
mining opinions from the unstructured texts generated in the online social media [1]. Therefore, the research field 
Sentiment Analysis, also called Opinion Mining, is so prolific today. 

Opinion mining is the field of study that analyses people’s opinions, sentiments, appraisals, attitudes, and 
emotions toward entities and their attributes expressed in written texts [2]. Before analyzing in-depth the relevant 
topics and events, the huge amount of available data must be filtered [3][4]. Monitoring and summarizing 
information generated from social media about which the participants discuss, argue or express their opinions 
can be carried out by applying topic detection techniques. Identifying topics is of great importance to determine 
on which issue users are giving their criteria [5]. There are several approaches that compute opinion polarity, and 
some of them consider topics for their textual analysis [4][6][7][8][9][10][11][12]. Nevertheless, discovering 
topics in opinions continues being challenging; due to opinions are generally shorts and informally writing.  

Traditional topic models such as Probabilistic Latent Semantic Analysis (pLSA) and Latent Dirichlet 
Allocation (LDA) are unsupervised methods for extracting topics in text documents (e.g., LDA has been applied 
in textual domains of online communities [13] whereas pLSA for extracting topics from web blog documents [5]. 
However, some researchers consider LDA and PLSA do not model properly the aspects of the reviews made on 
the web [2][14]. Clustering text segment approaches for topic discovery have been declared in [8][15][16]. Their 
inspiring ideas are based on the necessity of keeping the document structure through segments to capture the 
semantics of texts. Some arguments of the application of topic detection and tracking with Opinion Mining are 
based on a document may contain positive and negative information in multiples topics that could be of interested 
of users; in this case, it is important to identify topics and opinions independently [5][17][18]. The goal can be 
even more ambitious and find the topics according to the different aspects and sentences, and aggregate their 
polarity values through fuzzy operators [19]. Thus, we have the challenge of discovering topics in opinions to 
respond to the information need of knowing what the users' opinions are about. On the other hand, there are many 
publicly available lexicons aim to the polarity determination, vagueness resolution in opinionated text, and other 
sentiment analysis tasks [20], such as SentiWordNet [21], which has been also applied in a topic and subtopic 
discovery solutions [17]. A lexicon is a dictionary of sentiment words and phrases with their polarities and 
strengths [22], which are usually represented through scores that indicate degrees of positivity, negativity, and 
neutrality/objectiveness of sentiment words. However, how to combine these fuzzy values to get to a more 
realistic value reflecting the opinion polarity strength still needs to be improved [23].  

To address these challenges, in this paper we propose an unsupervised method to detect polarity in opinions 
by topics. Our proposal contributes to the fuzzy polarity calculation of detected topics in Spanish opinions from 
an unsupervised lexicon-based approach. This method is comprised of three main steps: (1) preprocessing, (2) 
topic detection and (3) fuzzy polarity detection. The SpanishSentiWordNet lexicon [24] was used as a sentiment 
score values source. The topic detection approach is based on clustering sentences from the opinion corpus, 
focused on the semantic processing of the content. Several fuzzy operators were evaluated for aggregating the 
sentiment scores from SpanishSentiWordNet and computing the polarities scores of the opinions. Two 
experiments over the Spanish corpus of opinions about Andalusian Hotels from the TripAdvisor site were carried 
out, and the results have shown that our method is able to detect the topics correctly, as well as calculating their 
polarity. It is important to notice the added values of this paper are: (1) the topic detection proposal based on the 
semantic processing when applying the clustering algorithm on opinion sentences, and (2) the evaluation of 
different aggregation operators for determining the opinion polarity from a fuzzy logic perspective.  

The rest of this paper is organized as follows. Section 2 describes in details our semantic approach for topic-
based polarity detection. Section 3 presents the evaluation of our proposal based on two main experiments. 
Towards the end, we provide some concluding remarks and future research directions. 

Alejandro Ramón Hernández et al./ Procedia Computer Science 00 (2019) 000–000 

2. Proposed method 

The proposed method aims at the fuzzy-based polarity calculation of detected topics in an opinion corpus 
through an unsupervised lexicon-based approach. This is comprised of three main steps: (1) preprocessing, (2) 
topic detection and (3) fuzzy polarity detection. The topic detection process is based on clustering similar 
sentences in the opinion corpus, focused on the semantic processing of the content. SpanishSentiWordNet lexicon 
[24] (Spanish adaptation of SentiWordNet [21]) is used to extract sentiment-related words in the texts. The 
polarity scoring of opinions and detected topics is carried out by using fuzzy aggregation operators to deal with 
the uncertainty of the sentiment scores provided by SpanishSentiWordNet. An overview of the proposed method 
is shown in Fig. 1, where the main items of each step are specified.  

Fig. 1. Overview of the proposed method. 

2.1. Preprocessing 

In this step, several natural language processing tasks are performed for structuring the text and extracting 
features, according to the preprocessing steps commonly reported in the opinion mining solutions [22]. Initially, 
the opinion texts are split into sentences by using the Apache OpenNLP library, due to the fact that the topic 
detection process conceived in the proposed method is based on the processing of the individual sentences from 
overall opinions. Afterward, the tokenization task is applied to each sentence for obtaining words or phrases. 
Some stop words, such as “la”, “de”, “y” “o”, are removed, considering that these words provide little useful 
information. Besides, the lemmatization process of all words is carried out. Finally, the Part-of-Speech (POS) 
tagging is performed to determine the corresponding POS tag for each word included in the sentences. The POS 
tags, such as adjective and noun, are quite helpful because the opinion words are usually adjectives and opinion 
targets (i.e., entities, aspects or topics) are nouns or combinations of nouns [22]. Apache Lucene and TreeTagger 
tools were used to support these last tasks.  

2.2. Topic detection 

A topic can be analyzed considering different textual units, such as a sentence, a paragraph or a whole 
document; also it could be represented by a group of terms, keywords, or segments. In our proposal, the topic 
detection step is based on a clustering process of the sentences extracted in the preprocessing task and a procedure 
for determining the most relevant phrases (topic labels) in each obtained cluster. In this sense, the cluster of 
sentences represents the topics that have been boarded in the opinions. The objective of the clustering algorithms 
is to create groups that are coherent internally. In brief, the cluster analysis groups data objects into clusters such 
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that objects belonging to the same cluster are similar, while those belonging to different ones are dissimilar [25]. 
Two tasks are performed in this process: (1) sentence clustering and (2) topic labeling. 

The sentence clustering is carried out by applying a Hierarchical Agglomerative Clustering (HAC) algorithm 
[25]. HAC algorithms build hierarchies until obtaining a single cluster where all the objects are included. 
However, we needed to obtain a certain quantity of groups of sentences that represent the topics boarded in the 
opinions. In this way, it is necessary to cut the hierarchy at some level for obtaining a partition. Although some 
variants to obtain a partition from a dendrogram are reported in [25], its selection is not a trivial decision. 
Therefore, we adopted the definition of a threshold to achieve a standard cut-point for the hierarchies, which 
allows comparing the results of the similarity measures of the clusters with this threshold in the cluster 
construction process. Thus, sentences are clustered until their higher similarities are less than the specified 
threshold, otherwise, the clustering process will be stopped. In order to obtain the threshold value, two measures 
reported in [26] are considered and evaluated: (1) the mean of the similarities among all pair of possible objects, 
and (2) the mean of the maximum values of the similarities among any pair of objects. The semantic similarity 
metric reported in [27] (Eq. 1) is used for measuring the similarity between sentences (Ti), where w is a word 
included in the sentence Ti. The cosine similarity metric was also considered for this purpose. However, as it will 
see in the experimental results, the use of a semantic similarity measure offers better results than the classical 
similarity measures for comparing n-dimensional vectors.   

 

𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇1,𝑇𝑇2) =
1
2(

∑ (𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠(𝑤𝑤, 𝑇𝑇2) ∗ 𝑠𝑠𝑖𝑖𝑖𝑖(𝑤𝑤))𝑤𝑤{𝑇𝑇1}
∑ 𝑠𝑠𝑖𝑖𝑖𝑖(𝑤𝑤)𝑤𝑤{𝑇𝑇1}

+
∑ (𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠(𝑤𝑤, 𝑇𝑇1) ∗ 𝑠𝑠𝑖𝑖𝑖𝑖(𝑤𝑤))𝑤𝑤{𝑇𝑇2}

∑ 𝑠𝑠𝑖𝑖𝑖𝑖(𝑤𝑤)𝑤𝑤{𝑇𝑇2}
) (1) 

 
Topic labeling refers to the process of assigning a brief description that identifies the main topics of each 

obtained cluster of sentences. This process has been commonly conceived as a key phrase extraction problem in 
the clustering context. Selecting labels or topics is a more difficult task than choosing representative objects in a 
cluster. Not all the cluster labeling methods obtain labels that represent appropriately the topic boarded in the 
cluster, for example, those methods that identify the sentence centroid in the cluster, effectively characterize it, 
but they do not have to represent the topic. Thus, the topics labeling from the cluster of sentences involves greater 
challenges with respect to the cluster labeling. In order to deal with these challenges, we propose to consider the 
noun phrases included in each cluster as candidate topics, taking into account that this type of phrases is the one 
that more information can offer about the possible topics. Next, the relevance of each noun phrase identified in 
the cluster is measured by using TF-IDF weighting scores and them, a ranking of candidate phrases is obtained. 
Finally, the most relevant noun phrases from each cluster are selected as topics and they are used for labeling the 
corresponding cluster.             

2.3. Fuzzy polarity detection  

In this step, the polarities of opinions and topics are detected through an unsupervised lexicon-based approach, 
using SpanishSentiWordNet (Spanish adjustment of SentiWordNet [21]) to extract sentiment-related words in 
texts. The SpanishSentiWordNet lexicon is the result of the automatic annotation of all synsets of Spanish 
WordNet according to the notions of “positivity”, “negativity”, and “neutrality”. In this process, each WordNet 
synset is associated with three numerical scores (in the continuous interval [0,1] where their sum is equal to 1.0),  
which indicates degrees of positivity, negativity, and neutrality/objectiveness of the contained terms (noun, verb, 
adjective and adverb) in the synset [21].  

The complex nature of “meaning” and the inherent ambiguity in natural languages introduce uncertainty and 
imprecision in the computational sentiment scoring process when using values from SpanishSentiWordNet. Each 
value assigned to a sentiment word can be interpreted as a certainty degree that the word belongs to the fuzzy 
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classes: positive, negative, and neutral. In order to deal with this uncertainty problem, we adopted a fuzzy-based 
polarity detection approach in our proposed method. Specifically, the polarity scoring of opinions and topics is 
carried out by applying fuzzy operators. Through the fuzzy operators, the sentiment scores (PosValue(Ti) and 
NegValue(Ti)) of the identified sentiment words Ti in SpanishSentiWordNet are aggregated for obtaining the 
polarities scores (positive: PosOpinionScore(j) and negative: NegOpinionScore(j)) of each opinion j. The opinion 
polarity is determined according to the highest polarities scores obtained. In this sense, four classical 
compensatory operators (special cases of OWA aggregations [28]) were evaluated (Eq. 2-9 in Table 1), being the 
sum operator the one that better accuracy achieved in the experimental results.  

Table 1. Aggregation operators for measuring the opinions polarities scores. 

Aggregation Operators Equations 

Sum 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑗𝑗) = ∑ 𝑤𝑤𝑖𝑖 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑇𝑇𝑖𝑖)
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 (9) 

 
Once the opinion polarities are computed we proceed to determine the polarity of the detected topics, 

considering the sentence-level processing. The topic polarity scores are measured by means of the sum of the 
polarity scores (PosSentenceScore(Sl) and NegSentenceScore(Sl)) of the sentences Sl included in each cluster; 
according to Eq. 10-11. The sentence polarity scores are measured in a similar way than the opinion polarity 
scores, hence, the fuzzy operators shown in Table 1 are also applied but at the sentence level. The highest obtained 
value of the cluster polarity score is adopted for determining which judgment (positive or negative) about the 
detected topics is the most representative in the processed user’s reviews.  

 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑜𝑜𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑜𝑜𝑃𝑃𝑃𝑃𝑘𝑘) = ∑ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑜𝑜𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑃𝑃𝑙𝑙)

𝑆𝑆𝑙𝑙∈𝐶𝐶𝑙𝑙𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑘𝑘

 (10) 

𝑁𝑁𝑃𝑃𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑜𝑜𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑜𝑜𝑃𝑃𝑃𝑃𝑘𝑘) = ∑ 𝑁𝑁𝑃𝑃𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃𝑜𝑜𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑃𝑃𝑙𝑙)
𝑆𝑆𝑙𝑙∈𝐶𝐶𝑙𝑙𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑘𝑘

 (11) 

3. Experimental results  

The proposed method was evaluated by using the Spanish corpus of hotel reviews called COAH (Corpus of 
Opinion about Andalusian Hotels) [29] from the TripAdvisor site. The collection contains 1,816 reviews which 
were written by non-professional reviewers, rather web users. The reviews are rated on a scale from 1 to 5. The 
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rank equal to 1 means that the opinion is very bad, whereas 5 means a very good opinion. Reviews with a rating 
equal to 3 can be categorized as neutral which means the user considers the hotel is neither bad nor good. Table 
2 shows the number of positive and negative reviews in COAH. 

Table 1. Characterization of the reviews in COAH. 

Features COAH 

Opinions 1816 

Positive reviews  1020 

Negative reviews 511 

Neutral reviews 285 

 
In our evaluation framework, two experiments were carried out. In the former one, the quality of the clustering 

process was measured using the Silhouette index [30], which allows us comparing the clustering results obtained 
by using the lexical and semantic similarity measures. The Silhouette index contrasts the average distance of 
elements in the same cluster with the average distance of elements in other clusters.  It also seems like an indicator 
of the most satisfactory number of clusters generated by a clustering algorithm, so the higher values indicate a 
more desirable case. In the last one, the polarity classification was measured by using accuracy, precision, recall, 
and F1 measures, discarding the neutral reviews. In this way, opinions rated with 3 were not considered, the 
opinions with ratings 5 or 4 were considered as positive and those with ratings 2 or 1 were considered as negative.  

The results obtained by the first experiment are shown in Table 2. When analyzing these results notice 
Silhouette ranges from −1 to +1, where a high value indicates that the object is well matched to its own cluster 
and poorly matched to neighboring clusters. Two approaches were proven for estimating the threshold values: 
the mean of the similarity values (MS) and the mean of the maximum similarity values (MMaxS). Initially, the 
Cosine similarity was applied for comparing texts in the clustering process. The obtained clustering results using 
this similarity measure were not the most desirable by considering the Silhouette validity index ( 0), due to 
mostly the texts are very short and do not offer enough lexical information for obtaining coherent clusters. Next, 
the sentence-to-sentence semantic similarity metric reported in [27] is applied. The obtained results by using the 
semantic similarity measure were higher than those obtained by using the Cosine similarity. A maximum 
Silhouette score is 0.63, which demonstrates the coherence of the obtained clusters. On the other hand, the best 
results are obtained when MMaxS is used to estimate the threshold values, because it allows the clustering process 
to converge fast, obtaining smaller and more compact clusters. Topics should be determined from the sets of 
terms that more semantic similarity or relatedness between them have, and the clusters constitute the principal 
information source in the proposed topic detection process. Therefore, while higher quality is reached in the 
clustering task, better accuracy in the topic detection process will be achieved. 

Table 2. Quality analysis of the topic detection through the Silhouette index. 

Threshold estimation Silhouette score 

(using cosine measure) 

Silhouette score 

(using semantic similarity measure) 

Mean of the similarity -0.065 0.345 

Mean of maximum similarity values  -0.010 0.630 

 
The polarity classification results obtained in the second experiment are shown in Table 3. The Sum operator 

achieves higher accuracy, precision, recall, and F1 values when measuring the polarity scores. Good results were 
also obtained by using the Arithmetic Mean operator. The obtained results when the extremes values are excluded. 
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This suggests that pruning or reducting information affect the general assessment of opinion polarities. Therefore, 
each sentiment-related word of opinions is very important to make the final decision on their polarities. Both 
experiments show the feasibility of our proposal. 

Table 3. Results of the polarity classification with COAH. 

Aggregation Operators Accuracy Precision Recall F1 

Sum 82.16 85.39 88.99 87.15 

Sum excluding the two extremes 52.90 75.54 78.08 76.79 

Arithmetic mean 80.14 84.16 88.32 86.19 

Arithmetic mean excluding the two extremes 50.88 76.84 78.33 77.58 

4. Conclusions and feature works 

In this paper, we have presented a semantic approach for topic-based polarity detection. Our solution is capable 
of scoring the polarity values by using fuzzy aggregation operators to deal with the uncertainty of the sentiment 
scores provides from the SpanishSentiWordNet lexicon. More specifically, we contribute to the fuzzy polarity 
scoring by topics through three well-defined steps: (1) preprocessing, (2) topic detection and (3) fuzzy polarity 
detection. The SpanishSentiWordNet lexicon allows extracting sentiment-related words in the texts. Although 
the experiments were done over a Spanish corpus, the proposed method is applicable to any language by using 
the corresponding lexical resources.  

It is important to notice the added values of this paper are: (1) the topic detection proposal based on the 
semantic processing when applying the clustering algorithm on opinion sentences, and (2) the evaluation of 
different aggregation operators for determining the opinion polarity from a fuzzy logic perspective. The carried 
out experiments show the feasibility of our proposal. The maximum Silhouette index value equal to 0.63 
demonstrates the coherence of the obtained clusters, whereas the high values of Accuracy, Precision, Recall, and 
F1 measures show the usefulness of the Sum and Mean fuzzy aggregate operators excluding the extreme values. 

In spite of the promising results, many questions are still open. For example, how to extend our analysis 
considering other clustering approaches. Another issue is that we are analyzing only the Silhouette index values, 
but other clustering validity measures could contribute to assessing other properties in the obtained clusters. 
Clustering small sentences impose big challenges to the clustering approaches, thus, it is necessary to explore the 
application of other clustering techniques as well as similarity measures. It goes without saying this section 
without saying that both topic and polarity detection can be improved in order to extract the most precise topics 
and their corresponding polarity values to support decision making in future works. 
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