Future Generation Computer Systems 102 (2020) 838-846

Contents lists available at ScienceDirect T =
FiGICIS!

Future Generation Computer Systems
journal homepage: www.elsevier.com/locate/fgcs s

Enhancing the classification of social media opinions by optimizing the =

Check for

structural information

C,k%

Carla Vairetti **, Eugenio Martinez-Camara “**, Sebastian Maldonado *°, Victoria Luz6n¢,

Francisco Herrera 4

2 Facultad de Ingenieria y Ciencias Aplicadas, Universidad de Los Andes, Mons. Alvaro del Portillo 12455, Las Condes, Santiago, Chile
b Instituto Sistemas Complejos de Ingenieria (ISCI), Santiago, Chile

¢ Andalusian Research Institute in Data Science and Computational Intelligence, University of Granada, 18071 Granada, Spain

d Faculty of Computing and Information Technology, King Abdulaziz University Jeddah, Saudi Arabia

ARTICLE INFO ABSTRACT

Article history:

Received 15 May 2019

Received in revised form 26 July 2019
Accepted 14 September 2019
Available online 24 September 2019

Sentiment Analysis is an extensively studied task, however an important aspect yet to study is the
underlying structural information of opinions. An important aspect to tackle is the analysis underlying
structural information of opinions. Social media is a great source of user opinions, which are structured
in most of the cases in two sections: the title and the content or body of the opinion. We claim that
the structure of social media opinions has useful information for the polarity classification task. We
propose a model for optimizing the contribution of that underlying structural information for polarity
classification. Our model is built by weighting the contribution of each section, title and body. We
develop a modified Support Vector Machine that includes a weight parameter, which is optimized via
a line-search strategy. We evaluate our proposal on three datasets of reviews from different domains
written in two different versions of the Spanish language. The results show that our model outperforms
the classification of the joint or individual classification of each section of the opinion. Therefore, our
claim holds.

Keywords:

Online review
Sentiment analysis
Support vector machines
Weighting optimization

© 2019 Elsevier B.V. All rights reserved.

TripAdvisor,! Booking,2 IMDB? or Patient Opinions,* allow their
users to publish opinions about the target topic of the social
network. Likewise, those social networks allow to organize the
opinion in two sections: (1) title, which is an excerpt of the
opinion; and (2) the entire opinion, which we call the body of
the opinion. Users usually highlight and vehemently express their
view in the title, and then they detail it on the body of the review.
For instance, Martinez Camara et al. [3] showed the usefulness
of processing the title of the review for classifying the sentiment
meaning of the entire review. Accordingly, we make two research
questions:

1. Introduction

Since the advent of the Web 2.0, the barrier among the produc-
ers and consumers of content on the Internet was broken, which
means that any user may read and post any kind of content. One
of the kind of content published on the Internet is opinions, which
are really valuable information for users and for the target orga-
nization or topic of the opinion. Accordingly their study and their
automatically treatment is crucial. Sentiment Analysis (SA) is the
computational task centered on the computational treatment of
subjective, sentiment and opinions in texts [1].

The main source of opinions are social media, social networks 1. Is it possible to weight the relevance of each part of the

and microblogging sites, because they are mainly based on the
communication and exchange of information and experiences
between users. Accordingly, Cambria and Hussain [2] updated
the definition of SA as the set of computational techniques for
extracting and classifying opinions in user-generated text from
online sources. Social networks related to a specific domain, like

* Corresponding author.
** Corresponding author.
E-mail addresses: cvairetti@uandes.cl (C. Vairetti), emcamara@decsai.ugr.es
(E. Martinez-Camara), smaldonado@uandes.cl (S. Maldonado), luzon@ugr.es
(V. Luzén), fherrera@decsai.ugr.es (F. Herrera).

https://doi.org/10.1016/j.future.2019.09.023
0167-739X/© 2019 Elsevier B.V. All rights reserved.

structure of the review?
2. Is it possible to optimize the weight of each part of the
review?

We answer the two questions by proposing a modified version
of the Support Vector Machine algorithm, which consists of in-
cluding a new parameter y for weighting the contribution of each

1 https://www.tripadvisor.es/.
2 https://www.booking.com.
3 https://www.imdb.com/.

4 https://[www.patientopinion.org.au.
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part of the structure of a review. The value of y is optimized by
a line-search method. From a general point of view, our method
is able to optimize the use of all the underlying information and
knowledge of the reviews posted in review sites.

We assess our proposal on three corpora of opinions written
in two versions of Spanish (Spain and Chile) and from three
different domains: hotels, movies, and restaurants. Since the pre-
processing may cause differences in the performance of the pro-
posed model, we also evaluate our proposal with different pre-
processing pipelines as we will describe in Section 4.2. The results
show that our proposal is able to optimize the contribution of
each section of the structure of a review, and it thus takes ad-
vantage of the underlying knowledge of reviews posted in online
sources.

The reminder of the paper is organized as follow: Section 2
succinctly describe some prominent related works. Subsequently,
we detail our proposal in Section 3. Sections 4 and 5 are focused
on the experimental setup and the results and their analysis.
Finally, the conclusions are exposed in Section 6.

2. Related works

Our evaluation is focused on reviews written in Spanish. We
describe in Section 2.1 some works about SA in Spanish. Subse-
quently, in Section 2.2, we expose some definitions related to the
use of SVM in Natural Language Processing (NLP) tasks and its use
in SA.

2.1. Sentiment analysis in Spanish

SA, as other NLP tasks, has been mainly studied for texts
written in English, which can be seen in [1,4]. However, there
are some works focused on the processing of Spanish written
texts. The first works were related to the elaboration of linguistic
resources to work on Spanish data. Cruz et al. [5] presented
the first corpus of Spanish reviews, specifically in the domain
of movies reviews. Brooke et al. [6] described the adaptation
of a non-supervised English polarity classification system to the
classification of Spanish reviews, by means the translation of
English sentiment lexicons into Spanish, and the adaptation of
some rules for the treatment of negation, gender, and plural in
Spanish. Since the adaptation by hand of resources is not an
efficient approach, Perez-Rosas et al. [7] propose an automatic
method for projecting English sentiment lexicons into other lan-
guages. Due to the method is built upon SentiWordNet [8] and
WordNet [9], the method can be used to all those languages that
have non-commercial WordNet versions, like Spanish.

The release of new resources for Spanish SA has not been
ceased, for instance, the Spanish multi-domain version of the
SFU corpus [6], the same corpus with annotations at negation
level [10] and the COPOS corpus in the health services review do-
main [11]. Likewise, new sentiment lexicons have been released
such as iSOL [12] or ML-SentiCon [13], as well as methods for
automatically adapting those lexicons to different domains [14].

Concerning the classification of Spanish reviews, we highlight
the work [3], because it studied the effect of classifying the differ-
ent parts of a opinion, which is close to our proposal. The authors
concluded that only taking into account the title allows reaching
acceptable results and close to the ones reached when all the
parts of the review are used. In a similar line, Taboada et al. [15]
studied different parts of the contents of a review and identified
what are the most useful for polarity classification. However, they
do not use the structure of the most used review web sites like
TripAdvisor, as we do in this paper, and they performed a manual
annotation of different discourse sections of a review and the kind
of linguistic information that they provided.

Micro-blog sites like Twitter are other instance of social media
sites where users post reviews. We also find some works related
to Spanish SA on Twitter. The first works were also related to the
description and release of new corpora of tweets, for instance,
the COST corpus [16], the General TASS corpus [17] and Inter-
TASS corpus [18]. The former two corpora were released by the
organization of the TASS workshop,” which has attracted the at-
tention of the research community by means the organization of
a competition built upon the corpora released. The main features
of the participant systems in TASS are in [19].

There are more works related to SA in Spanish and if the
reader is interested, we recommend to read [20]. However, as far
as we know, there are not any work that conduct an analysis of
the structure of the opinions from online sources. Therefore, we
contribute with a method that optimizes the joint classification
of the different sections of an online opinion, which means that
our proposal combines linguistic and structure information for
enhancing the performance of SA classification systems.

2.2. SVM for natural language processing

SVM has been successfully applied in various domains, in-
cluding computer vision, medical diagnosis, bioinformatics, NLP,
among others. Below we discuss some studies that highlight the
virtues of SVM classification applied to NLP.

Understanding the relations between chemicals and diseases
is relevant in areas such as biomedical research and health care.
As for machine learning-based relation extraction (RE), feature-
based methods [21-23] and kernel-based methods [24,25] are
widely used. Feature-based methods focus on designing effective
features including lexical, syntactic and semantic information.
However, the traditional lexical and flat syntactic features are
‘one-hot’ representations, which could not adequately capture the
deep semantic and syntactic structure information. In particular
the work of Kin and Liu [26] proposed an efficient and scalable
system using a linear kernel for drug-drug interaction (DDI) ex-
traction where linear SVM are competitive when equipped with
rich lexical and syntactic features.

In the language areas, finding a way to tag every word in
a text as a particular part of speech can be done through POS
tagging. POS tagging is a very important preprocessing task for
language processing activities. POS taggers were proposed for
various Indian languages, such as Hindi, Punjabi, Malayalam, Ben-
gali, and Telugu. Linear SVM classification has been used for POS
tagging [27]. For example, for Malayalam authors proposed [28] a
part-of-speech Tagger for Malayalam language using SVM classi-
fication. Their objective was to identify the ambiguities in Malay-
alam lexical items, and to develop a tag set appropriate for
Malayalam. IIT Mumbai developed POS tagging for the Marathi
language [29]. In the case of Bengali Language, an SVM-based
tagger was proposed in [30].

Text classification via machine learning methods has been
widely studied in the recent literature. Sivakumar et al. [31]
proposed a hybrid text classifier using k-NN and SVM to reduce
the parameter impact in classification accuracy. Hassan et al. [32]
proposed a method for text categorization in which they com-
pared linear SVM and naive Bayes. Tsikerdekis et al. [33] proposed
a novel approach for multiple identity deception using non-verbal
behavior. Srivasatava [34] examined the impact of NLP features
(stop words, stemmer and combination of both) on predictive
performance of base classifiers and ensembles of Naive Bayesian
category.

Many NLP studies have been developed based on Twitter
data, such as twitter sentiment analysis, twitter trending topic

5 http://www.sepln.org/workshops/tass/.
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detection, twitter sentiment classification. Several authors have
compared machine learning algorithms such as SVM, decision
trees, or naive Bayes, concluding that SVM performed best (see
e.g. [35-38]). For example, Li et al. [39] presented an empirical
study of skip-gram features for large scale sentiment analysis.
To promote model-efficiency and prevent overfitting, authors
used feature selection in order to demonstrate the utility of
logistic regression incorporating both L1 regularization and L2
regularization for weight distribution.

3. Optimizing the weight of each section of the opinion

In this paper we claim that the underlying structural informa-
tion of social media opinions has useful knowledge for polarity
classification. Accordingly, we argue that the linear combination
of the features of the different sections of a review, in our case
the title and the body, may enhance the classification of the
sentiment meaning of reviews posted on social media. Hence,
we propose the use of a linear classification system to linearly
combine the contribution of each section of the review, and the
optimization of that contribution by means the incorporation of
a weighting parameter.

In this section we present our proposal, which is built upon
SVM and described in Section 3.1. Subsequently, we detail our
proposed modification of SVM in Section 3.2 for allowing the
weighted contribution of each section of the review.

3.1. Support vector machine

We selected SVM [40] as the linear classification algorithm to
build our proposal because of the advantages indicated by Mal-
donado and Weber [41] regarding driving better empirical results
compared to other statistical and machine learning approaches.
SVM provides theoretical advantages, such as adequate general-
ization to new objects, thanks to the Structural Risk Minimization
(SRM) principle, absence of local minima via convex optimization,
and representation that only depends on a few parameters [40].

For the linearly separable case, the SVM determines the opti-
mal hyperplane that separates the convex hulls of both training
patterns. The standard SVM aims at finding a classifier of the
form f(x) = w'x + b that maximizes the distance from it to the
nearest training point on each class (the margin). To maximize
this measure, SVM minimizes the Euclidean norm of coefficients
w [40]. Additionally, we intend to classify the training vectors Xx;
correctly into two different classes y;.

The 1;-SVM model [42] is a very efficient SVM extension
in which the Euclidean norm is replaced by the [;-norm. Let
{(xi, yi)}iL; be a set of training instances x; € " with labels
yi € {—1,41}, fori = 1,...,m. [;-SVM finds a hyperplane of
the form w'x 4 b = 0 by solving the following problem:

m
min Wl +C) &
= ‘ (1)
st.yiw x;+b)>1-§&,i=1,...,m,

§ =0,

i=1,...,m,

where C > 0 controls the trade-off between the [;-regularization
and model fit, and & denotes the vector of slack variables re-
lated to each sample. This strategy for model fit is known as
hinge loss. The l;-norm or LASSO penalty encourages sparsity,
finding a good compromise between complexity reduction and
feature selection [42]. Furthermore, Eq. (1) can be cast into a
linear programming problem, which can be efficiently solved
using coordinate descent methods [43]. Therefore, this method
is suitable for large, sparse datasets, such as the ones related to
NLP problems.

3.2. Optimizing the contribution of each section

The main goal of the proposal is to optimize the contribution
of each section of customer opinions (title and body) for the
classification of the opinion meaning. We claim that a word that
appears in the title of the comment is more important than one
in the body, and the title-body aggregation leads to a loss of
information. Our proposal is based on the [;-SVM model [42],
and we propose optimizing the contribution of each section via
a variable y that upweights the words in the title, i.e. X(y); =
yxf + xf’. The usual approach is setting y = 1, i.e. each word
is counted regardless if it appears in the title or the body. This
means that the usual approach do not prioritize when a word
appears in the title over the body.

Given training samples of the form D = {(xﬁ,x’]’,yl), cees
(x4, X2, ym)}, where Xt € R™" and x? € R™" are matrices
containing the information of the comments for the title and
body, respectively, and y; = {—1, 1} are their respective labels, for
i=1,..., m. We assume that the ranking prediction problem can
be cast into a binary classification task by defining a threshold.

We propose to jointly optimize the variable y with the hyper-
plane in the SVM model, extending Eq. (1) with Eq. (2):

l
min |wl; +C) &
w,b.Ey P (2)
SLYWX(y)+b)=1-&, i=1,....1
& >0, i=1,...,L

The issue of directly optimizing y is that [;-SVM has a highly-
optimized implementation (LIBLINEAR [43]), which makes it es-
pecially suitable for large datasets. The inclusion of y would
not allow the use of the efficient coordinate descent algorithm
proposed in Fan et al. [43]. We propose a line search optimization
method to find the most adequate value for y. Specifically, the
search space for y is defined by the set y € {0.25, 0.5, 0.75, 1.0,
2.0,2.5,3,3.5,4,4.5,5}. In order to avoid overfitting, we used a
ten-fold-cross-validation approach as strategy for setting . The
training of the SVM in Eq. (2) is formally defined in Eq. (3).

1
1
| s
min min o Wl + ZEI
= 3)
sty(w'x(y)+b)=1—&, i=1,...,1,
£>0, i=1,...,1

4. Experimental results

In this Section we detail the set up of the evaluation of our
proposal. First, we describe the data used in the assessment in
Section 4.1. Subsequently, in Section 4.2, we describe the pre-
processing pipeline run for preparing the data, and in Section 4.3
we expose the configuration of our proposal.

4.1. Data set

Since SA is a highly domain-dependent task, we conducted
the evaluation on three datasets of reviews from three different
domains, specifically (1) movies, (2) hotels, and (3) restaurants.
Moreover, SA, as other NLP tasks, is determined by the use of
language. The Spanish language is the native language of Spain
and most of the countries of America. Although the spoken and
written Spanish versions are the same language, there are some
lexical and use of language differences that may mislead a clas-
sification system. Accordingly, we conducted an evaluation with
two different written versions of Spanish, specifically written
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Spanish in Spain and Chile. Hence, we assess the consistency
of our proposal on three different review domains and on two
dissimilar written version of the same language.

The three datasets used in the evaluation have in common
their structure, which is composed of two sections: title and body.
The title is a short excerpt that summarizes the review, and the
body is the entire review.5 This structure allows us to study if
our claim holds, namely the right combination of the subjective
meaning of the title and the body will increase the performance
of the polarity classification of the entire opinion. The datasets
used are detailed as what follows.

Corpus of opinions of andalusian hotels (COAH). The COAH data
set’ [44] is composed of reviews of hotels from Andalusia, which
is the most touristic region of Spain. The source of the opinions is
the traveling site TripAdvaisor, and the language of the reviews
is Spanish written in Spain. The reviews are from 80 different
hotels, which assure that the opinions are not skewed to a specific
hotel. The reviews are labeled on a scale of five levels of opinion
intensity, from strong positive (5) to strong negative (1). The size
of the corpus per label is 532 (5), 493 (4), 291 (3), 203 (2), 316
(1), in total 1835. Since we performed a two-class evaluation,
we consider the labels 5 and 4 as positive, the labels 1 and 2 as
negative, and we did not use the neutral intensity label 3 because
it cannot be considered either positive or negative. The statistics
of the COAH corpus used are in Table 1. Fig. 1 shows an instance
from the training corpus.

Spanish movie review corpus. This corpus is also known in the
literature as MuchoCine corpus8 [5], and its reviews were gath-
ered from the movie review site MuchoCine.? The language of the
reviews is the Spanish language written in Spain. As the COAH
corpus, the reviews are labeled in a scale of five levels of opinion
intensity, and the size per label is: 461 (5), 890 (4), 1253 (3), 923
(2), 351 (1), in total 3878. As in the COAH corpus, we considered
the reviews labeled with 5 and 4 as positive, the ones labeled with
1 and 2 as negative, and we did not consider the neutral intensity
label 3. The size of the MuchoCine corpus used in the evaluation
is in Table 1. Fig. 2 shows an instance from the training corpus.

Chilean restaurant corpus (CHIREST). The CHIREST corpus [45] is
composed of reviews about restaurants, and they are written in
the Spanish language written in Chile. The source of the reviews
in TripAdvisor, and they were published from 2009 to 2014. The
corpus is composed of 37,801 reviews from 757 Chilean restau-
rants, hence the reviews are not skewed to a specific hotel. Like
the previous two corpora, the reviews of CHIREST are annotated
in a five scale of opinion intensity, and the number of reviews
per label are: 15,636 (5), 15,583 (4), 7736 (3), 3729 (2) 3116 (1),
in total 39,316. As well as the previous corpora, we did not use
the reviews annotated with label 3, and we considered the labels
5 and 4 as positive, and the labels 1 and 2 as negative. The size
of the CHIREST corpus used in the evaluation is in Table 1. Fig. 3
shows an instance from the training corpus.

Since we changed the annotation of the three corpora, we
show the number of reviews per corpus in Table 1.

4.2. Pre-processing

The right preparation of the data before its processing is
crucial for the classification system to learn and generalize from

6 we clarify that the title is not the output of an extractive summarization
system, and it was written by the author of the review.

7 http://sinai.ujaen.es/coah/.
http://www.Isi.us.es/~fermin/corpusCine.zip.
9 http://www.muchocine.net/.

Table 1

Number of positive and negative reviews per each corpus.
Corpus Positive Negative Total
COAH 1025 519 1544
MuchoCine 1351 1274 2625
CHIREST 31,219 6852 38,071

the training data. We arrange the pre-processing in two steps
pipeline: (1) cleaning the data with the aim of normalizing it, re-
moving stop-words and grouping similar ones; and (2) converting
the data, in this case, a piece of text, in a feature vector.

Concerning SA, Martinez Camara et al. [3] showed the rele-
vance of the study of the cleaning of the data, specifically the
effect of using stopper and stemmer, or in other words, the impact
of removing stop-words words and grouping the ones with the
same stem. Likewise, there is some controversy in how to build
the feature representation of an opinion. On the one hand, Pang
et al. [46] show that unigrams outperform bigrams, and the
other hand Dave et al. [47] defended that bigrams and trigrams
may yield better results than unigrams, because they may rep-
resent some linguistic patterns that are not possible using only
unigrams, like negation or some modifiers that act as opinion
shifters. Moreover, we find authors that support the idea of
representing opinions with term presence features as [46], and
other authors that assert that frequency features are more rec-
ommendable as [3].

Since there is not a real consensus in the literature in how
to conduct the pre-processing, we evaluate our claim in different
pre-processing scenarios, specifically: (1) fourteen cleaning lay-
outs built upon a set of actions, (2) three n-grams representation
schemes, and (3) two feature weighting approaches.

Cleaning layouts. One of the characteristics of the Spanish lan-
guage is the use of accents in the words. Since the reviews were
crawled from TripAdvisor, they are written in a non-formal writ-
ing style by non-professional writers, which means that they are
not short of misspellings and grammatical errors. Accordingly, we
evaluated the removal of maintaining and removing the accents
of all the words. As additional normalization actions, we also
evaluated the effect of converting the words to they lowercase
form, and to change all the numbers by the wild card _DIGIT_.
Since the relevance of using stemmer and stopper, we assessed: (1)
the performance of using raw words, (2) the use of the lemma of
the words, which allow to group words with the same lemma,
(3) the use of a stemmer, which group more words than the
lemmatizer, and (4) the removal of stop-words by means the use
of a stopper.

N-grams. Since the controversial of using unigrams or other
number of n-grams, we evaluated the use of: (1) unigrams, (2)
bigrams and (3) unigrams and bigrams.

Feature weighting. As the n-grams controversy, there some differ-
ences among the use of a term presence or frequency weighting
scheme. Consequently, we evaluated the two approaches: (1) the
term presence that we call binary, and (2) the term frequency.
The presence scheme is developed by a binary strategy, namely,
those words that are in the input text are weighted as the value
1, and otherwise 0. Concerning the frequency approach, we used
the well-known TF-IDF frequency measure, which gives more
relevance to the discriminant words.

The fourteen cleaning layouts scenarios described were per-
formed for each of the three n-grams representations used and
the two feature weighting approaches, which make 84 pre-
processing scenarios. Hence, we conducted an exhaustive eval-
uation and we performed all of them for the three corpora and
for each of parts of their structure: title, body and jointly for the
title and the body.
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Title: Moderno y buena relacion calidad/precio. Muy recomendable

Body: Hotel pequeno, bien situado, moderno, limpio y tranquilo. Se encuentra en pleno
centro de Jaén, a cinco minutos andando de una de las zonas mds famosas de tapas. El
trato del personal fue bastante bueno y profesional. La habitacion estaba muy limpia y el
estilo es bastante moderno, para gente joven. El bano no esta separado totalmente de la
habitacion, por lo que se oye todo y no da mucha intimidad. No tiene parking y las calles
de los alrededores son estrechas y casi siempre estan llenas. Por lo demds, ninguna queja.

Para repetir.

Title: Up-to-date hotel with a good quality price relation. Highly recommended.

Body: It is a small, clean, good located, up-to-date, clean and quite

hotel. It is located at the downtown of Jaén, five minutes on foot from

the most famous tapas zones.
and professional.

young people.

Otherwise any complaint. To repeat.

The treatment of the staff was very pleasant
The room was clean and the style trendy, mainly for
The bath is not completely independent, so the bathroom
noise is listened, which does not nearly provide privacy.

have parking and the surrounding streets are narrow and usually with cars.

The hotel doesn’t

Fig. 1. A review instance from the COAH corpus.

4.3. Experimental setting for classification

We compared our proposal with three strategies for construct-

Table 2
The AUC and F1 values reached by using the different sections of the corpus
COAH without any optimization and with our optimized proposal.

. . . . Feat. weigh i Bi igr.+Bigr.
ing the data matrix X. We consider only the words that appear in Corpus eat. weight  Unigrams stams Unigr.+Bigr
the title (x; = xf), the words that appear in both title and body : AUC_F1 AUC_F1 AUC FI
with equal weights (x; = x{ +x?), and only the words that appear Title Binary 084 089 071 065 085 089
. b ; . . TF-IDF 084 088 069 058 082 087
in the body (x; = x7). For these alternative strategies, [;-SVM is i
used. The y values were explored within the range [0, 10]. For Title+Body ?;"fg‘; g‘gg 8'32 g'gg 8‘23 g'gg g'gi
the [;-SVM, we used C = 1. The Area Under the Curve (AUC) and = 0'91 0'95 0'88 0'92 0'92 0'95
. inary . . . . . .
the F1 score were useFl as evaluatlgn measures. Body TF-IDE 089 093 077 087 088 093
Regarding model implementation, we used the LIBLINEAR rr— 095 097 091 094 09 097
toolbox [43] for the ll-SVM.model. All experiments were per- Our proposal TF-1D¥ 093 096 084 091 091 094
formed on an HP Envy dv6 with 16 GB RAM, 750 GB SSD, an Intel Binary 45 475 3.45
Core Processor i7-2620M (2.70 GHz), and using Matlab 2014a and 14 TF-IDF 0.5 455 0.58

Microsoft Windows 8.1 OS (64-bits).

5. Results and analysis

Table 3
The AUC and F1 values reached by using the different sections of the corpus
Muchocine without any optimization and with our optimized proposal.

The proposed method was compared with the three alterna- Corpus Feat. weight ~ Unigrams Bigrams Unigr.+-Bigr.
tive techniques for the two feature weighting approaches (bi- AUC F1 AUC F1 AUC F1
nary and TF-IDF), the three n-gram strategies, and the 14 pre- . Binary 074 075 065 066 074 074
processing scenarios (see Section 4.2). For each of the three TE-IDF 071 074 060 058 070 073
corpora and the six representation/n-gram combinations, the best TitleBod Binary 082 082 078 079 084 085
pre-processing strategy is reported. The performances in terms Y. TF-IDF 081 082 067 072 077 079
of AUC and F1 score are presented in Tables 2, 3, and 4, for the Body Binary 082 083 078 079 084 084
COAH, Muchocine and CHIREST corpora respectively. The best TF-IDF 079 080 065 071 076 0.76
performance (largest AUC) is highlighted in bold type for the Our proposal Binary 085 085 080 080 086 0.87
six representation/n-gram combinations. For our proposal, the ;_F-IDF 0-82200-33 0-7225 074 081 X 3-32

: : inary . . .
optimal value for the parameter y is also reported. y TEIDE 075 100 50

Tables 2, 4 and 3 show our proposal outperformed the other
methods in all the experiments, showing the largest AUC and
F1 score for the six representation/n-gram combinations and the
three corpora. The second best performance is achieved with
the title/body combination with equal weights, followed by the
use of the body of the comments as the sole source attribute
construction.

Regarding the y values, it can be observed that the optimal
values ranged between 2 and 5 for the binary representation.
This demonstrates the importance of using both sources, but
upweighting the information provided by the respondents at the
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Title: Aburrimiento. Esa es la palabra que define el primer tropezén serio del maestro Clint
cuando termino de ver Banderas de nuestros padres.

Body: Aburrimiento. FEsa es la palabra que define el primer tropezén serio del maestro
Clint (Deuda de sangre era un poco sosa también, pero es que esta encima es pretenciosa)
cuando termino de ver Banderas de nuestros padres. ;Por dénde empezar? El film tiene
una estructura de bucle y las mismas tres escenas se repiten incesantemente durante las
dos horas (largas) de metraje. Primero tenemos un flashback del campo de batalla, luego
una escena de despacho y luego una escena de campo deportivo. Y asi se pasa la pelicula.
Luego estdan los actores, que mi tienen carisma ni emocionan, sobre todo Adam Beach,
lamentable, que logra que Ryan Phillippe parezca actor. Los secundarios pasan por ahi,
y nos encontramos con Paul Walter o Barry Pepper, (este ultimo parece recién salido de
Salvar al soldado Ryan) o con Billy Elliot repitiendo su papel de King Kong. La misica
es tan repetitiva como la estructura de la narracion, es decir, también aburre y llega a
cansar. La historia es bastante insulsa y estd trilladisima. ;Lo positivo? Las secuencias
bélicas, estupendamente tratadas y rodadas con abrumador clasicismo. Veré las cartas de

Two Jima, porque no puede ser mds aburrida que esta.

Title: Boredom. This is the word that defines the first important slip of the

master Clint after watching Flags of our fathers.

Body: Boredom. This is the word that defines the first important slip of the
master Clint (Blood work was a bit boring too, but this is also pretentious)
after watching Flags of our fathers. Where to start? The movie has a
repetitive structure, because the same three scenes are repeated during the two
(long) hours of the film. First, there is a flashback to the battlefield, then
a office scene and then a sport field scene. These three scenes are repeated
all the film. On the other hand, the actors does not have charisma and they
don’t thrill, especially Adam Beach, terrible, and his bad performance makes
Ryan Phillippe work as an actor. The supporting actors do not have a relevant
performance, Paul Walter, Barry Pepper (the former one looks like from Saving
Private Ryan) or Billy Elliot repeating his role in King Kong. The music is

as repetitive as the plot, in other words, it is boring and exhausting. The
stoy is very dull and overused. Any positive? The war scenes, which are
fantastically treated and filmed with a overwhelming classicism. I will watch

Letters from Iwo Jima, because it cannot be more boring than this film.

Fig. 2. A review instance from the MuchoCine corpus.

843

title of the comment. In contrast, the y values related to the TF-
IDF representation are usually below 1. This difference is caused
by the nature of the two feature weighting metrics. The binary
representation approach is a document level metric, while TF-
IDF is a corpus level one. Accordingly, the TF-IDF is providing
information from all the opinions in the corpus in each opinion,
which means that most frequent words in all the corpus would
have a low value of TF-IDF. The title of the reviews are usually
short excerpts that usually have similar words, because the goal
of the title is to straightly express the polarity of the review. If
those words of the title are also frequently used in the body,
then the TF-IDF value would be low and the differences among

the title and the body will not be relevant and the contribution
would be similar, as the y shows. On the other hand, the binary
approach only provides document level information, and it does
not depend of the frequency of the words. The high frequent
use of some words in the title may determine its polarity value,
and then those words would be crucial for the classification.
Consequently, the y value is higher for the title when the binary
approach is used. Regarding the data pre-processing, three pre-
processing layouts highlighted: (1) the removal of all the accents,
the deletion of the numbers, the transformation to the lowercase
form, and the lemmatization of each word; (2) the use of only
an stemmer and (3) the remove of all the accents, the deletion
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Title: Buena comida y ambientacion.

Body:Si bien el local no es de lo mejor que he visto, esta caracteristica es suplida por el
recibimiento del duerio, la decoracion del local, la atencion de los mozos y su comida. Muy
bien preparada y sabrosa, con diferentes intensidades de picor sequn se quiera comer y una

buena variedad de platos. En general una buena experiencia.

Title: Good food and atmosphere.

Body:

want and a wide variety of dishes.

Although I have been in better places, this is overcome by the reception
of the owner, the decoration and the service of the waiters and the food. The
food is well prepared and tasty with different spicy levels depending on you

In general a good experience.

Fig. 3. A review instance from the CHIREST corpus.

Table 4
The AUC and F1 values reached by using the different sections of the corpus
CHIREST without any optimization and with our optimized proposal.

Corpus Feat. weight  Unigrams Bigrams Unigr.+Bigr.
AUC F1 AUC F1  AUC Fl
Title Binary 086 096 078 082 087 096
TE-IDF 085 096 076 081 085 096
. Binary 092 098 091 098 093 098
Title+Body ¢ g 092 098 086 097 091 098
Bod Binary 090 098 089 097 091 098
v TF-IDF 090 098 084 097 089 098
our brobosal BNy 093 098 091 098 094 099
prop TF-IDF 093 098 088 097 092 098
Binary 25 3.0 25
14 TF-IDF 075 075 1.0

of the numbers, the transformation to the lowercase form, and
the use of a stemmer. Concerning the feature weighting method,
we conclude that the binary approach reaches better results than
TF-IDF.

6. Conclusion

The structure of the opinions posted on domain specific social
networks usually have two sections: title and body. Accordingly,
we set two research questions: (1) is it possible to weight the
relevance of each part of the structure of the review? and (2) is
it possible to optimize the weight of each part of the review? In
order to answer them, we claim that the right combination of the
polarity meaning of each section of an opinion may enhance the
performance of a polarity classification system. We thus propose
the weighting optimization of the contribution of each section of
the opinion by a modification of the training function of the SVM
algorithm classification algorithm, which allows to weight the
contribution of each section. Likewise, we optimize the training
function of the SVM with a line-search method.

We evaluated our proposal on three datasets from a different
domain and written in two different versions of the same lan-
guage, Spanish. Since the pre-processing of the data determines
the performance of the classification algorithm, we also evalu-
ated several pre-processing approaches. As the results show, our
proposal outperforms the individual and joint classification of the
reviews, which allow us to conclude that our claim holds and we
positively answered to the research questions that we set.

As future work, we will study the lexical diversity among the
parts of the reviews, and the differences between the Spanish

spoken in Spain and in Chile, or in other words the set up a cross-
lingual evaluation of our proposal with reviews of both versions
of Spanish. We will also work on the gathering of reviews written
in other Spanish versions from Spanish spoken countries.
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