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Abstract. The past years have marked the birth of a new type of so-
ciety - that of interaction and subjective communication, using the me-
chanisms of the Social Web. As a response to the growth in subjective
information, a new task was defined - opinion mining, dealing with its au-
tomatic treatment. As the majority of natural language processing tasks,
opinion mining is faced with the issue of language ambiguity, as different
senses of the same word may have different polarities. This article stu-
dies the influence of applying word sense disambiguation (WSD) within
the task of opinion mining, evaluating the advantages and disadvantages
of the approach. We evaluate the WSD-based method on a corpus of
newspaper quotations and compare it to the results of an opinion mi-
ning system without WSD. Finally, we discuss our findings and show
how WSD helps in the task of opinion mining.

1 Introduction

The past years, with the growing volumen of subjective data originating from
texts pertaining to the Social Web -blogs, reviews, forums, discussion panels -
have marked the birth of a new type of society, where individuals can freely
communicate and exchange opinions. The large benefits that can be obtained by
the analysis of this data (more informed customers, companies, societies) made
essential the study of methods that can be automatically employed to extract
the required information.

Therefore, over the past few years, there has been a large increase of in-
terest in the identification and automatic extraction of the attitudes, opinions
and feelings expressed in texts. This movement is given by to the need to pro-
vide tools for users of different domains, which require, for different reasons, the
automatic monitoring of information that expresses opinion. A system that au-
tomatically carries out this task would eliminate the effort to manually extract
useful knowledge from the information available on the Web.
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Opinion Mining (also known as sentiment classification or subjectivity analy-
sis) covers a wide area of Natural Language Processing, Computational Linguis-
tics and Text Mining. The goal is not to determine at the topic of a document
is, but the opinion that is expressed in it. Therefore, its objective is to determine
the opinion of a speaker or a writer on a topic [1].

Many approaches to sentiment analysis rely on lexicons of words that may
be used to express subjectivity; these works do not make distinction between
different senses of a word, so that the term, and not its senses, are classified.
Moreover, most subjectivity lexicons are compiled as lists of keywords, rather
than word meanings. However, many keywords have both subjective and objec-
tive senses and even the purely subjective senses have a degree of positivity or
negativity, depending on the context where the corresponding word appears.

This paper presents a research on the advantages of using the word sense
disambiguation to determine the polarity of opinions and the role of existing
resources. To this end, we evaluated two unsupervised approaches, one based
on lists of positive and negative words and the other based on a word sense
disambiguation algorithm over the same affect lexicons.

2 Related Work

A major task of Opinion Mining consists in classifying the polarity of the ex-
tracted opinion. This process determines whether the opinion is positive, nega-
tive or neutral with respect to the entity which it is referring to (for example, a
person, a product, a topic, a movie, etc.).

The large majority of research in this field focused on annotating the senti-
ment of the opinions but out of context (e.g. [2-5]). Recently some works have
been published determining the polarity of the word senses, thus building re-
sources that can be useful in different tasks of Opinion Mining ([1, 6, 7]). Esuli
and Sebastiani [1] determine the polarity of word senses in WordNet, distinguish-
ing among positive, negative and objective. They manually annotate a seed set of
positive/negative senses in WordNet and by following the relations in WordNet
expand the small set using a supervised approach. They extend their work (6]
by applying the Page Rank algorithm for ranking the WordNet senses in terms
of how strongly a sense possesses a given semantic property (e.g., positive or
negative). Wiebe and Mihalcea (7] label word senses in WordNet as subjective
or objective. They use a method relying on distributional similarity as well as
an independent, large manually annotated opinion corpus (MPQA) (8] for de-
termining subjectivity.

Only few recent works take into account the correct senses of the words in
the opinions (e.g. [9,10]), but they are supervised methods. Akkaya et al. [9]
build and evaluate a supervised disambiguation system that determines whether
a word in a given context is being used with objective or subjective senses.
In this approach the inventory of objective and subjective senses of a word
can be viewed as an inventory of the senses of the word but with a coarse
granularity. Rentoumi et al. [10] go a step further and determine the polarity
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by disambiguating the words and then mapping the senses to models of positive
and negative polarity. To compute these models and produce the mappings of
senses, they adopt a graph-based method which takes into account contextual
and sub-word information.

3 DMotivation and Contribution

Whereas most research concentrates on the analysis of opinions at a word level
there are some approaches dealing with the analysis at the sense level. The rea-
son for this fact is that the meaning of most words depends on the context where
they appears and in order to determine the polarity of opinions, it is also impor-
tant to take into account the meanings of the words and the relations between
them. The recent studies that regard word senses concentrate on the detection
of subjectivity or on ranking senses in a lexicon according to their polarity, but
they do not have as main aim the classification of the polarity. On the other
hand, most research concentrates on assessing the polarity of opinion using one
of the available lexicons of opinion. However, using a resource or another cannot
give a measure of the impact the use of these resources has on the final system
results.

The main motivation of the present research is to study the impact of word
sense disambiguation for determining the polarity of opinions. There are ap-
proaches that perform the analysis at the sense level, but they lack of a thorough
study of the advantages and disadvantages of the disambiguation as intermediate
task. They do not perform the analysis of the approaches at a word and sense
levels on the same corpus and using the same resource.

Thus, the contribution of this paper is given by the evaluation of two unsu-
pervised approaches on the same corpus and using the same resources, both are
based on knowledge but differ in the level at which the analysis is performed
(word and sense level). The second objective is to carry out an analysis of exist-
ing public resources for opinion mining and their influence on both approaches.
In this way, we can have a clear measure of the impact given by the use of each
of the resources separately, as well as study methods to combine them, to obtain
better results.

We show that word sense disambiguation avoids the lack of balance between
the classification of positive and negative opinions present in an approach as
simple as positive or negative words belonging to an opinion. The majority of
the existing resources that have annotated senses with its corresponding polarity
have little coverage.

4 Experiments and Evaluation

In the experiments, we intend to evaluate the impact of the disambiguation of
words in the task of polarity classification of an opinion. With this aim, we first
present a “bag of words” approach, and then a second one that uses a word
sense disambiguation algorithm to determine the correct sense of the words in
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the opinion. In both approaches, we firstly perform a pre-processing of the text
including sentence recognition, stop-word removal, part-of-speech tagging and
word stemming by using the TreeTagger tool [11].

We comparatively analyse the different possible methods and resources for
opinion mining that are publicly available and explore the possibility to combine
them in order to increase the accuracy of the classification. For the evaluation
of both methods we use precision, recall and F1 measures for the Positive (P+,
R+, F1+) and Negative (P-, R-, F1-) categories, and the overall precision, recall
and F1 (P, R, F1). Additionally, the coverage (Cov) of the method is calculated
as the ratio of the number of opinions classified as negative or positive over the

total number of opinions.

4.1 Data and Resources

For our experiments, we chose a set of 99 quotes described in [12], on which
agreement between a minimum of two annotators could be reached regarding
their classification in the positive and negative categories, as well as their being
neutral /controversial or improperly extracted. In this paper, we only use the 68
quotes classified as positive (35) or negative (33). The explanation for employing
this dataset is that reported speech (a person referring to another person or
event) represents a direct and unbiased expression of opinions that does not
depend on the interpretation of the reader in the majority of cases.

At the present moment, there are some lexicons annotated with affect and po-
larity at the sense level and are based on WordNet [13]: WordNet-Affect [14], Sen-
tiWordNet [1] and Micro-WNOp [15]. WordNet-Affect, an extension of WordNet
Domains, is a hierarchy of affective domain labels which were developed by se-
lecting suitable synsets from WordNet which represent affective concepts and
dividing them into subsets of affective data. In SentiWordNet, each synset in
WordNet has assigned three values of sentiment: positive, negative and objective,
whose sum is 1. For example, the synset HAPPY#3 (marked by good fortune; “a
felicitous life”; “a happy outcome” ), is annotated as Positive = 0.875, Negative =
0.0 and Objective = 0.125. This resource was created through a mix of linguistic
techniques and statistical classifiers. It was semi-automatically built so all the
results were not manually validated and some resulting classifications can ap-
pear incorrect. Finally, the Micro-WNOp corpus is composed by 1105 WordNet
synsets manually annotated in a manner that is similar to SentiWordNet.

4.2 Word-based Method Applied to Polarity Classication

For the first approach, as in [12], each of the employed resources were mapped to
four categories, which were given different scores - positive (1), high positive (4),
negative (-1) and high negative (-4). On the one hand, the approach is motivated
by the same mapping done in [12], and, on the other, on the wish to mantain
the “idea” of the lexicons employed - that the same term may have different
strengths of polarity and that two different terms even if they have the same
polarity, may differ in intensity.
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The words belonging to the WordNet-A ffect categories of anger and disgust
were grouped as in [12] under high negative, fear and sadness were considered
negative, joy was taken as containing positive words and surprise as highly pos-
itive; SentiWordNet and Micro-WNOp contain positive and negative scores be-
tween 0 and 1 and in their case, the mapping was done in the following manner:
the words that have senses with positive scores lower than or equal to 0.5 to the
positive category, the scores higher than 0.5 to the high positive set, the negative
scores lower than or equal to 0.5 to the negative category and the ones higher
than 0.5 to the high negative set. See Table 1 for the statistics of the categories

built from each resource. The last row corresponds to the union of the categories
for all resources.

Table 1. Statistics of the categories used by the word-based method.

Resource Positive Negative High High
Positive Negative
WN-Affect 192 215 73 201
Micro-WNOp 436 396 409 457
SentiWN 23133 22144 2462 5279
SentiWN+Micro-WNOp+WN-Affect 23394 22442 2804 5713

Finally, the polarity value of each of the quotes was computed as sum of the
values of the words identified; a positive score leads to the classification of the
quote as positive, whereas a final negative score leads to the system classifying
the quote as negative. A quote is classified as neutral if the score is equal to
0. Note that no word sense disambiguation is done in this method, rather a
word is incorporated into a category depending on the annotation of its senses.
Thus, a same word can be included to several categories and the word-to-sense
relationship is lost. The results of this approach are shown in Table 2.

Table 2. Classification results of the method without WSD.

Resources P+ P- R+ R- F1+ F1- P R F1 Cov
WN-Affect 0.75 0.60 0.08 0.09 0.15 0.16 0.67 0.09 0.15 0.13
Micro-WNOp 0.57 0.67 0.57 0.18 0.57 0.28 0.59 0.38 0.46 0.65
SentiWN 0.55 0.46 0.48 0.36 0.51 0.41 0.51 0.43 0.46 0.84

SentiWN+WN-Affect 0.55 0.46 0.48 0.36 0.51 0.41 0.51 0.43 0.46 0.84
SentiWN + Micro-WNOp 0.53 0.48 0.54 0.33 0.54 0.39 0.51 0.44 0.47 0.87
All 0.53 0.45 0.54 0.33 0.53 0.38 0.50 0.44 0.46 0.88
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4.3 WSD Method Applied to polarity classification

This approach based on word sense disambiguation to determine the polarity
of opinions was previously presented in [16], where it was evaluated over the
SemEval Task No. 14: Affective Text data, outperforming the results obtained
by both unsupervised and supervised systems participating in the competition.

Word Sense Disambiguation (WSD) is an intermediate task of Natural Lan-
guage Processing. It consists in selecting the appropriate meaning of a word
given the context in which it occurs [17].

The approach is based on the assumption that the same word, in different
contexts, may not have the same polarity. For example, the word "drug” can
be positive, negative or objective, depending on the context where it appears
(e.g., "she takes drugs for her heart” (objective), "to be on drugs” (negative)).
Bearing in mind this need to appropiately identify the correct sense, we use a
word sense disambiguation algorithm to obtain the correct sense of the words
in the opinion and subsequently obtain the polarity of the senses from resources
based on senses annotated with valence and emotions. The WSD-based method
also handles negations and other polarity shifters obtained from the General
Inquirer dictionary.

For the disambiguation of the words, we use the method proposed in [18],
which relies on clustering as a way of identifying semantically related word senses.
In this WSD method, the senses are represented as signatures built from the
repository of concepts of WordNet. The disambiguation process starts from a
clustering distribution of all possible senses of the ambiguous words by applying
the Extended Star clustering algorithm [19]. Such a clustering tries to identify
cohesive groups of word senses, which are assumed to represent different mean-
ings for the set of words. Subsequently, clusters that best match the context are
selected. If the selected clusters disambiguate all words, the process stops and
the senses belonging to the selected clusters are interpreted as the disambiguat-
ing ones. Otherwise, the clustering process is performed again (regarding the
remaining senses), until a complete disambiguation is achieved.

Once the correct sense for each word on the opinion is obtained, the method
determines its polarity regarding the sentiment annotation for this sense in the
lexical resource utilized. From SentiWordNet and Micro-WNOp we obtain a
positive and a negative value for the target sense (in Micro-WNOp only a part
of the synsets are annotated with the polarity, thus the senses that are not
annotated are considered to be completely objectives). In the case of WordNet-
Affect that is annotated with emotions and not with values of polarity as such,
we build a mapping, the senses pertaining to the hierarchy of positive (negative)
affective domain labels were assigned a positive value of 1(0) and a negative
value of 0(1), respectively.

Finally, the polarity of the opinion is determined from the scores of positive
and negative words it contains. To sum up, for each word w and its correct sense
s, the positive (P(w)) and negative (N (w)) scores are calculated as:

P(w) = Positive value of s in a lezical resource
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N(w) = Negative value of s in a lezical resource

Finally, the global positive and negative scores (Sp, Sn) are calculated as:

Ss= )  Pw)

w:P(w)>N(w)
Sp = Z N(w)
w:N(w)>P(w)

If Sp is greater than S, then the opinion is considered as positive. On the
contrary, if Sp is less than S, the opinion is negative. Finally, if S, is equal to
Sy the opinion is considered as neutral. In Table 3 the results are shown.

Table 3. Classification results of the WSD-based method.

Resources P+ P- R+ R- F1+ F1- P R F1 Cov
WN-Affect 1.00 0.75 0.17 0.09 0.29 0.16 0.90 0.13 0.23 0.15
Micro-WNOp 0.58 0.40 0.20 0.06 0.30 0.11 0.53 0.13 0.21 0.25
SentiWN 0.48 0.53 0.46 0.45 0.47 0.49 0.51 0.46 0.48 0.90

SentiWN+WN-Affect 0.50 0.55 0.46 0.48 0.48 0.52 0.52 0.47 0.50 0.90
SentiWN + Micro-WNOp 0.50 0.56 0.49 0.45 0.49 0.50 0.52 0.47 0.50 0.90

All 0.53 0.57 0.51 0.48 0.52 0.52 0.55 0.50 0.52 0.91

5 Discussion

From Table 2, we can observe that the worst results for the word-based approach
were obtained using WN-Affect. Note that the categories that are built from
this resource contain few words and therefore the coverage of the method is
affected (see Table 1 for statistics of the resources). For Micro-WNOp the method
improves the coverage but fails in the detection of negative quotes (see low values
of R- and F1-). The best results were obtained in the combinations that uses
SentiWN; more negative opinions are correctly classified and better coverage
is achieved. Combining SentiWN with other resources do not seem to improve
the F1 scores, even though the coverage is slightly better. As WN-Affect and
Micro-WNOp were built annotating a subset of WordNet senses and SentiWN
includes all of these senses, it is likely that the four categories of SentiWN and
those built from each combination are not significantly different (see Table 1).
Regarding the approach based on word sense disambiguation, we can observe
in Table 3 that for the Micro-WNOp and WN-Affect resources the method ob-
tains very low results, due to the low coverage of the annotated senses; from
115425 synsets in WordNet, only 1105 (0.96%) and 884 (0.77%) are annotated
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on these resources, respectively. Also, the corpus has 1472 words, of which 1277
are non stop-words and are disambiguated with the senses of WordNet; Micro-
WNOp only covers 57 (4.46%) and WN-Affect 18 (1.41%) of these ambiguous
words. In spite of the low coverage, the method obtains acceptable precision val-
ues when these resources are used. For these reasons, when we use these resources
individually, only a few words obtain a value of polarity. On the other hand, the
use of SentiWN significantly improves both the F1 scores and the coverage.

Note also, that the combination of several resources obtains better precision,
recall and F1 scores. Due to the fact that SentiWN was not manually annotated,
some senses are misclassified (e.g., the sense FLU#1 (an acute febrile highly
contagious viral disease) is annotated as Positive = 0.75, Negative = 0.0 and
Objective = 0.25, despite having a lot of negative words in its gloss). These mis-
takes affect the polarity classification. We suppose that combining WN-Affect
and Micro-WNOp with SentiWN reduces this negative influence, and conse-
quently the precision, recall and F1 values are improved. The low coverage of
the Micro-WNOp and WN-Affect resources do not allow higher increases in the
classification quality.

Finally, Figure 1 shows the comparison of both methods (with and without
WSD) for each resource combination with respect to overall F1 measure. As
can be seen, the results of the method based on word sense disambiguation are
better than those of the bag-of-words approach, except for Micro-WNOp where
the WSD-based method is severely affected by the low coverage of this resource.
The best F1 score of the WSD-based method is 0.52 and that of the method
without WSD is 0.47. Note also that the WSD-based method not only obtains
better overall F1, but also a higher coverage (see Tables 2 and 3). This confirms
that word sense disambiguation is useful for determining the polarity of a word.

o Without WSD
nWithWSD

SQHUWN
Op WN-Affecy

Ml'cro.WN Op

Fig. 1. Overall F1 scores for both methods.
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Unlike the WSD-based method, the addition of WN-Affect and Micro-WNOp
with respect to use only SentiWN does not contribute to improve the results
of the method without WSD. In the first method, this is due to the higher
quality in the sense polarity annotation, while in the second one to the absence
of differences among the built categories.

From the results of Tables 1 and 2, we can also notice that Micro-WNOp and
WN-Affect achieve better overall precision but lower overall recall than SentiWN
in both methods. It can be expected due to the manual annotation and the low
coverage of these resources, respectively.

Another interesting observation is that the bag-of-words approach leads to
better performance when classifying positive quotes, whereas the WSD-based
method achieves a good balance between the classification of positive quotes
and the negative ones instead. This can be seen in the precision, recall and F1
values for each class.

6 Conclusions and Future Work

In this paper, a comparison between two unsupervised methods for determining
the polarity of opinions has been presented. One of them performs the analysis
at a word level, whereas the other at a sense level. Studies of the behaviour
of both methods were presented over the same corpus and using several public
resources for opinion mining.

The use of word sense disambiguation in the polarity classification has pros
and cons. The advantages are given in the superiority of the results (with re-
spect to precision, recall and F1) obtained by taking into account the context
of the words appearing in the opinion. Also, the polarity detection has the same
behavior in both classes, that is, the performance is balanced when positive
and negative quotes are classified. Despite that some of the resources have a low
coverage, this method obtains a better coverage than the bag-of-words approach.

However, as word sense disambiguation constitutes an intermediate task in
the polarity classification, the disambiguation errors could affect the classifica-
tion quality. This provides further motivation to study in depth this problem,
due to the lack of a corpus manually annotated with senses and polarity. Also,
the disambiguation algorithm depends on the used knowledge resources and,
as we can saw in the experiments, there are no resources that have both high
coverage and a good quality in the annotation of sense polarities.

Future work includes the study of alternative methods to extract and classify
opinions, working at a syntactic level, or using local contexts, semantic repre-
sentations of concepts and the modelling of discourse structures. Our idea is
to study in a broader context the impact of word sense disambiguation on the
performance of opinion mining systems, be it in small texts (such as the ones we
have studied in this paper) or larger contexts (on-line discussion forums, blogs or
newspaper articles). Another interesting application would be the determination
of figurative senses, which are used to express opinions in a more sophisticated
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manner. To this aim, the application of word sense disambiguation is an essential
step.
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