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Abstract

The Web development has drastically changed the human interaction and
communication, leading to an exponential growth of data generated by us-
ers in various digital media. This mass of data provides opportunities for
understanding people’s opinions about products, services, processes, events,
political movements, and organizational strategies. In this context, it be-
comes important for companies to be able to assess customer satisfaction
about their products or services. One of the ways to evaluate customer sen-
timent is the use of Sentiment Analysis, also known as Opinion Mining.
This research aims to compare the efficiency of an automatic classifier
based on dictionary with the classification by human jurors in a set of
comments made by customers in Portuguese language. The data consist of
opinions of service users of one of the largest Brazilian online employment
agencies. The performance evaluation of the classification models was done
using Kappa index and a Confusion Matrix. As the main finding, it is
noteworthy that the agreement between the classifier and the human jurors
came to moderate, with better performance for the dictionary-based clas-
sifier. This result was considered satisfactory, considering that the Senti-
ment Analysis in Portuguese language is a complex task and demands more
research and development.
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1. Introduction

With the rise of Web 2.0 and the popularization of social networks and commu-
nication platforms, the number of people expressing opinions about products,
services and their experiences tends to increase [1].

This scenario represents an opportunity for companies to extract insights
from this mass of unstructured data [2], and at the same time presents a chal-
lenge, considering that the mass of data being handled increases exponentially
every day, making manual analysis impracticable [3].

In addition, the marketing department of companies can benefit from these
insights. Research shows that 81% of (American) users claim to have done on-
line research on a product at least once. Among those consumers of online re-
views, between 73% and 87% state that their purchase was significantly influ-
enced by these opinions [4]. Since it is likely that there are thousands of these
online product reviews, analysis of this content cannot be performed manually,
and should therefore be performed out automatically.

From this scenario results, the development of the research area is known as
Sentiment Analysis, also known as Opinion Mining. Many researches on the
classification of expressions of sentiment have already been performed [5] [6]
[7], vast majority of them contemplating the English language. However, in oth-
er languages, and more specifically in Portuguese, there is a lack of studies that
explore the Sentiment Analysis, which is reflected, also, in the lack of lexical re-
sources for conducting research.

The main focus of this research is to contribute to the field of Sentiment
Analysis in Portuguese language by presenting a comparative study of the effi-
ciency of an automatic dictionary-based classifier with the classification by hu-
man jurors in a set of customer’s comments extracted from one of the largest
online jobs’ companies from Brazil.

Among other objectives, this research aims to highlight the difficulty in con-
ducting research in Sentiment Analysis, as well as particularities of the analysis
in Portuguese language.

After this brief introductory section the paper is organized as follows: in Sec-
tion 2, the theoretical background is presented; Section 3 exposes the methodol-
ogy of the computational experiments; Section 4 presents the analysis and dis-
cussion of results and, finally, section 5 is concluded with the final considera-

tions.

2. Theoretical Background

Sentiment Analysis, also known as Opinion Mining, deals with the automatic
extraction of opinions or emotions about products, services and experience from
content generated by users on digital media. This is an active area of research
and has been extensively studied in different application areas [4] [7] [8].
Currently, social media platforms are popular vehicles for studying consumer

sentiment on a large scale and within a natural environment, because of the sig-
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nificant share of online conversations that express consumers’ thoughts, feelings
and opinions about products, brands, and their experiences. Considering this
scenario, the automated sentiment analysis receives increasing attention from
academia and industry [3] and has become one of the main techniques for deal-
ing with large volumes of textual data. Typically, automated sentiment analysis
techniques are used to classify any text-based document into predefined catego-
ries, reflecting the polarity of the sentiment referred to in the text.

Automated classification of sentiment expressed in social media conversations
is a challenge for several reasons. First, identifying opinions and polarity in texts
written in natural language requires a deep understanding of the explicit and
implicit, syntactic and semantic rules of language, which, in turn, requires a lot
of effort on the part of the researcher [2].

In addition, the Sentiment Analysis in unstructured texts, typical of social
media, is a challenging task, due to the informal nature of these texts, which
commonly include abbreviations, spelling errors, emoticons, emojis and infor-
mal syntax, that current methods of Sentiment Analysis do not adequately sup-
port [9].

Automated technologies transform these challenges into an opportunity by
eliminating the need for costly manual analysis and prone to errors and biases,
using computerized procedures to extract insights from textual content.

Automatic methods for dealing with the Sentiment Analysis usually involve
lexical-based approaches [10] and machine learning [5], or a combination of
both [6].

Both approaches have advantages and disadvantages, but none of them pro-
duces perfect results, which is perfectly acceptable, taking into account the limi-
tations already discussed above.

An example of this can be found in Canhoto and Padmanabhan [9] who un-
dertook a comparative study of automated versus manual analysis of social me-
dia content. Their results show low levels of agreement between manual and au-
tomated classifications, and it proves that, regardless of the automatic method
and the advances, there is still much to be done in this area.

In general, the use of lexical-based approaches has proved to be less effective
than machine-learning models from training examples [5]. However, the use of
lexical-based methods has the advantage of not requiring pre-processing or labe-
ling, which makes it difficult to adopt methods based on machine learning [6].

The choice of which approach to use is crucial as it affects the accuracy of the
classification of sentiment and needs to be carefully aligned with the nature of

the data being analyzed.

3. Methodology

This research can be defined as exploratory and experimental [11] [12] and was
constructed in three phases: 1) selection of comments; 2) application of the

model; and 3) evaluation of the classification model performance.
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The selection of the comments originates from the data collected from a form
filled out by the candidates upon cancellation of the service. The act of the can-
didate canceling the service does not necessarily imply that his sentiment is con-
sidered negative. This is because the service provided by the company is the re-
positioning in the labor market. This way, when the customer gets a job, the ser-
vice ends.

The online employment company targeted for this study is one of the largest
in the country and has been active in the Brazilian market since 1996. In their
databases there are more than six million comments. However, to make this re-
search possible, we considered only the comments in the period from January to
June 2013, totaling 594,788 documents. One criterion adopted to refine the pop-
ulation was the withdrawal of documents that contained less than 50 characters,
since they might not represent a complete sentence, leaving 215,462 documents.
From this population a random selection of 2500 documents was made, which,
according to [13], is sufficient as a sample for the set. In order to define the inte-
grity and uniformity of the data, the same fields suggested by Liu [8] were
adopted: Code identifier of the comment, Customer identifier code, Date on
which the comment was written and Comment written by the customer.

The classification of opinions can be divided into two main approaches: ma-
chine learning or lexicons [6]. Approaches based on machine learning have as
main disadvantage the need for a mass of data large enough to train and test the
model, only then to be able to apply it to the rest of the data. This requires time
and effort to construct a database labeled for model training, but usually
presents good classification results [5]. Lexical-based classification models, on
the other hand, rely on the use of lexical databases with words of opinion to ex-
tract the sentiment of the document [8], and do not require any pre-processing
or classifier training. Because of their ease of implementation, they tend to be
more commonly adopted for sentiment analysis tasks. However, its efficiency is
directly linked to the quality of the dictionary used, which can be a limitation for
any work done in any language other than English, for which there are dozens of
validated and robust dictionaries [10] [14] [15] [16].

For classification purposes, this research used a dictionary-based model [10]
[14]. To make this possible, this research adopted one of the most common dic-
tionaries in the Brazilian Portuguese literature known as SentiLex [17]. SentiLex
has, in its current version, 7014 lemmas and 82,347 flexed forms.

The next step was to develop software in Python to perform searches for in-
flected forms in SentiLex and an algorithm for calculating the sentiment scores
associated with each comment, described below:

1) The comment is divided into sentences;

2) For each word in the sentence, a search is made on the SentiLex, verifying if
there are flexed forms for the same word;

3) If the inflected form is found, the sentiment score will be saved referring to

that form;
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4) For the word where SentiLex was matched, it is verified if there is a word that
represents negation, up to two positions before its occurrence. If the word
representing negation is found, multiply the score found by —1;

5) The sum of all the scores found for the sentence is made;

6) Repeat the process for all sentences;

7) The sum of the scores of all the sentences is done, being this the score asso-
ciated with the comment.

After the calculation of the sentiment scores, the comments were classified as
follows:

e Comments with score > 0 were classified as positive;

e Comments with score < 0 were classified as negative;

e Comments with score = 0 were classified as neutral.

After the calculation of the score and the classification, these results are stored
in a database.

The evaluation of the performance of the classification models investigated
whether their characterization/classification is reliable. For this, it was necessary
to characterize the object several times, and to compare the classifier with hu-
man jurors. For this, five volunteer jurors were asked to examine a set of 150
comments and classify them as positive, negative or neutral.

The result of the classification by the five jurors was stored in database. Before
verifying the agreement of the classifier with the jurors, the agreement between
jurors was analyzed.

The evaluation between Jury x Jurors and Jury x Classifier was constructed
using the Kappa index, which describes the agreement between two or more
judges, or between two classification methods [18] [19] [20] considering besides
the percent agreement, the expected agreement by chance. The Confusion Ma-
trix quantifies how many examples of the set would be classified, with the di-
agonal representing the best classifications [21]. This result allows visualizing

not only the global accuracy, but also its behavior [22].

4. Analysis and Discussion of Results

The classifier based on the SentiLex dictionary obtained the results presented in
Table 1 and shows that 47.76% of the opinions were classified as positive, fol-
lowed by neutral and lastly, negative.

One possible explanation for this may be related to the fact that, in the period
corresponding to the data analyzed, the company probably obtained a large
number of professionals occupying new jobs, which is reflected directly in the
amount of positive comments.

The result of the jurors’ classification is presented in Table 2, where there is a
concordance between jurors 01 and 02 in negative, neutral and positive com-
ments, and disagreement between jurors 03 and 04 in the neutral comments, but
with agreement in the positive comments.

The application of the Kappa index in the jury versus jury ranking is pre-
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sented in Table 3, and shows strong concordance between the jury 01, 02 and
05, since the obtained agreement was very good. Thus, the Kappa index pro-
vided the quantification of concordance among jurors, ranging from 0.660 to
0.839. That is, they indicate agreement with “Good” to “Very Good” variation,
which characterizes satisfactory concordance among jurors, thus allowing a
comparison with the dictionary-based classifier.

Table 4 shows the intensity of agreement between the human judges and the
classifier as “Small”, with a Kappa coefficient ranging from 0.243 to 0.333. It is

concluded, therefore, that there is no agreement between the two methods.

Table 1. Classification of comments with Dictionary-based Classifier.

Sentiment Amount Percentage

Negative 573 22.92

Neutral 733 29.32

Positive 1194 47.76

Total 2500 100.00

Table 2. Classification of comments by Human Judges.
Negative Neutral Positive Total
Juror

Quant. % Quant. % Quant. % Quant %
1 40 26.67 36 24.00 74 49.33 150 100
2 41 27.33 34 22.67 75 50.00 150 100
3 30 20.00 40 26.67 80 53.33 150 100
4 46 30.67 22 14.67 82 54.67 150 100
5 37 24.67 35 23.33 78 52.00 150 100

Table 3. Application of the Kappa index in the jury versus jury ranking.

Juror 01 x 02 Juror 01 x 03 Juror 01 x 04 Juror 01 x 05

Agreement
. 132 88.00% 127 84.67% 131 87.33% 135 90%
among jurors
Agreement by
56.10 37.40% 57.10 38.04% 58 38.67% 56.70% 37.83%
chance
Kappa 88 --- 0.753 --- 0.793 --- 0.839
Kappa
0.042 --- 0.046 --- 0.043 --- 0.037
standard error
Confidence 0.727 to 0.663 to 0.727 to 0.763 to
. 95% 95% 95% 95%
interval 0.890 0.842 0.890 0.915
Agreement -y Good Good Good Very Good
e 00 00 00 ery Goo
considered Y 2
Juror 02 x 01 Juror 02 x 03 Juror 02 x 04 Juror 02 x 05
Agreement
. 132 88.00% 124 82.67% 130 86.67% 132 88%
among jurors
DOI: 10.4236/sn.2019.81005 79 Social Networking
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Continued
Agreement by
56.10 37.40% 57.00 38.18% 58.6 39.04% 56.10% 37.40%
chance
Kappa 88 0.72 0.781 0.808
Kappa
0.042 - 0.048 - 0.044 --- 0.042
standard error
Confidence 0.727 to 0.626 to 0.695 to 0.727 to
. 95% 95% 95% 95%
interval 0.890 0.813 0.867 0.890
Agreement Very Good Good Good Very Good
considered Y Y
Juror 03 x 01 Juror 03 x 02 Juror 03 x 04 Juror 03 x 05
Agreement
. 127 84.67% 124 82.67% 119 79.33% 122 81.33%
among jurors
Agreement by
57.10 38.04% 57.00 38.18% 58.8 39.20% 58.30 38.89%
chance
Kappa 0.753 0.72 0.660 0.695
Kappa
standard 0.046 --- 0.048 --- 0.050 --- 0.050 ---
error
Confidence 0.663 to 0.626 to 0.562 to 0.596 to
X 95% 95% 95% 95%
interval 0.842 0.813 0.758 0.793
A, t
gre.emen Good Good Good Good
considered
Juror 04 x 01 Juror 04 x 02 Juror 04 x 03 Juror 04 x 05
Agreement
. 131 87.33% 130 86.67% 119 79.33% 130 86.67%
among jurors
Agreement
58 38.67% 58.6 39.04% 58.8 39.20% 59.10 39.41%
by chance
Kappa 0.793 --- 0.781 --- 0.660 --- 0.780 ---
Kappa
standard 0.043 --- 0.044 --- 0.050 --- 0.044 ---
error
Confidence 0.727 to 695 to 0.562 to 0.693 to
i 95% 95% 95% 95%
interval 0.890 0.867 0.758 0.866
A, t
gre.emen Good Good Good Good
considered
Juror 05 x 01 Juror 05 x 02 Juror 05 x 03 Juror 05 x 04
Agreement
K 135 90% 132 88% 122 81.33% 130 86.67%
among jurors
Agreement by
56.70 37.83% 56.10% 37.40% 58.30 38.89% 59.10 39.41%
chance
Kappa 0.839 --- 0.808 --- 0.695 --- 0.780 ---
Kappa
standard 0.037 --- 0.042 --- 0.050 --- 0.044 ---
error
Confidence 0.763 to 0.727 to 0.596 to 0.693 to
K 95% 95% 95% 95%
interval 0.915 0.890 0.793 0.866
Agreement Very Good Very Good Good Good
considered Y Y
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Table 4. Application of the Kappa index to Dictionary-based Classifier vs. Jurors.

Agreement among jurors

Agreement by chance
Kappa

Kappa standard error
Confidence interval

Agreement considered

Classifier Classifier Classifier Classifier Classifier
vs. Juror 01 vs. Juror 02 vs. Juror 03 vs. Juror 04 vs. Juror 05
78 52.00% 80 53.33% 86 57.33% 87 58% 86 57%
54.80 36.56% 53.90 36.60% 56.8 37.87% 55.50 37.01% 55.80 37.19%%
0.243 --- 0.264 --- 0.313 --- 0.333 --- 0.321 ---
0.059 --- 0.059 --- 0.061 --- 0.056 --- 0.059 ---
0.128 to 0.148 to 0.194 to 0.223 to 0.205 to
95% 95% 95% 95% 95%
0.358 0.380 0.433 0.444 0.437
Litle Litle Litle Litle Litle

5. Final Considerations

The results of non-agreement between the classifier and human jurors denote
the need for an analysis of the nature of the comments. It was observed that the
dictionary-based classifier encountered classification difficulties. These difficul-
ties arise due to the nature of the dictionary-based model, since, as stated earlier,
its effectiveness is directly linked to the construction of the dictionary used in
the research. In Portuguese language there is a marked lack of lexical resources
for the development of research related to opinion mining, which, in turn,
represents an opportunity for future research.

Taking, for example, the difficulty in classifying the word “vaga” (meaning
“vague” in English), which in the SentiLex dictionary is considered as an adjec-
tive and has negative meaning, however, for the domain addressed in this re-
search, the term is considered as noun and, consequently, of neutral meaning.
This, in turn, explains part of the lack of agreement between the two methods.

This problem can be solved by using a domain-specific dictionary. This result
implies the need to evaluate other methods, or the creation of a specific dictio-
nary for the domain.

According to Pang and Lee [4], the sentiment and the subjectivity are directly
connected to the context and, to a certain extent, dependent on the domain.
However, the author states that the general notion of positive and negative opi-
nions is quite consistent across domains. This leads to the conclusion that the
results found in this research are relevant, taking into account that the Sentiment
Analysis in Portuguese language is a complex task and demands more research

and development.
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