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ABSTRACT: In this article we describe the experience applied to opinions classification with textometric tools. Our objective
is to show, in one hand, the contribution of cooccurrentional analysis to the classification of opinions polarity compared to
the purely lexical proceeds, and, in the other hand, the manner of mutualizing the advantages of the co-occurrences study and
the classification methods based on supervised learning. Relying on a corpus of parliamentary debates issued from the third
edition of Text Mining Challenge 2007 we present the results obtained from the characteristics selection according to the
textometric analysis.
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1. Introduction

The detection of opinions conveyed in texts is an evolving field of research. It is considered as a specific task of text mining that
is mainly concerned with the treatment of opinions. Opinions are subjective expressions that describe feelings or the assessment
of a person about an event or a given object, contrary to the facts which relate simply an objective expression. Therefore, the
task of detecting opinions differs from the conventional text mining by its inability to distinguish between texts describing facts,
and those expressing subjectivity. We distinguish three main sub-tasks related to the detection of opinion. The first is to
distinguish subjective texts from objective texts [1]; the second focuses on classifying subjective texts into positive or negative
ones [2]; Finally, the third attempts to determine to what extent texts are positive or negative [3].

It is, however, the classification into subjective positive or negative which is the most studied in literature and which will be
discussed later in this article. This task, often called detection of polarity, is to determine whether the text expresses positive or
negative views, regardless of the subject being discussed. This type of classification is generally done in two classes. This is
referred to as binary classification. It can also be done in three classes by adding a class of neutrality for texts carrying a
qualified opinion. Extensive work has been carried out on the subject, and is divided into three basic approaches.

• Approaches based on linguistics whose objective is to identify in dictionaries or lexicons (internal/ external), as many words
carrying opinion as possible, to classify then textual documents according to their polarity via these lexicons. For English, for
example, we find Wordnet-Affect [4], SentiWordnet [5], [6], [7] and for French SenticNet [8], [9].

• Approaches based on machine learning use  classifiers with annotated data (Learning / Test), fromcorpus composed mostly
of subjective texts as in [10], [11] and [12].

Co-occurrential Analysis for a Selection of Discriminating Features in Opinion
Detection
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• Hybrid approaches use, in parallel, principles from each of the two previous approaches.

In this paper, we present the process used for the selection of textual features used by machine learning methods. We have
therefore; proceeded to the preparation of the data using textometric analysis tools to select these features. These are then used
as a vector of texts representation so that they could be used for supervised learning. To make this selection, we assume the
following postulate: “to choose between positive or negative polarity of a text, we shall merely detect in it the indicators of
opinions. Several methods can be used, for example the presence or absence of a set of determined words, the location of
certain words [13], the identification of cooccurring subjectivity clues for the deduction of the overall character of the text,
adverb-adjective collocations [2] and finally the syntactic dependencies [14], [15] and [16]”. For our part, we believe that the
presence of adjectives would be an indicator of this polarity.

The plan of the paper is as follows. After a brief description of the corpus used, we will present in Section III, the method used
for the constitution of these characteristics (features). We will also talk in Section IV, about the principle of co-occurrence on
which we had relied to reduce the
dimension of the vector space model.

2. Presentation of the Corpus

The annotated corpus used for this experiment, is one of those, provided at the third edition of Text Mining Challenge 2007 [17].
The task requested from participants, was to classify texts according to their argument that could be rather positive, negative or
neutral.

The texts come from a variety of fields: film review, books, shows and comic strips, video game testing, proof reading of
conference papers and parliamentary debates.

We chose to work on a part of the corpus of the parliamentary debates. It includes 28 832 interventions of Deputies to the French
National Assembly, extracted from debates on the Energy Law. Two values of opinion are available for this corpus: vote in favour
of the law under consideration (positive class) and negative vote for the law under consideration (negative class). Only the
interventions of more than 300 characters have been retained for the challenge, documents below this threshold were not
considered usable after tests with human judges.

However, with regard to the experience written in this article, we are restricted to only 398 interventions equitably distributed
according to the two categories of classes (positive, negative).

3. Description of  the Experiment

3.1 Preprocessing Phase
These pretreatments consist in extracting linguistic units that will be used for the representation of texts in this corpus. This
phase consisted of:

• Reduction of language by deleting the function  words, not representative of an opinion. By functionwords, we mean the most
frequent words of the  French language in particular, le la, un, une… (List of 36 words).

• Reducing words to their lemmas to group words carrying the same meaning. Thus, for this experiment, a linguistic unit is
considered as a lemmatized word.

This corpus analysis was performed using the Textometry software, TXM [18] and Tree Tagger [19] for the morph syntactic
tagging.

3.2 Features selection phase and representation of the corpus
In this experiment, each category corresponds to a polarity of opinions (positive, negative). The final goal is to assign to each
text one of these categories, reflecting the opinions expressed in this document. This is possible by searching chains of the
characteristic words for each category, allowing to extract the comments.
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The initial idea consists in extracting two strings of words related to the two polarities, based up on the number of occurrences
of the terms of each category. For this purpose, we consider the documents in the two corpus (positive and negative) separately
and apply a first filter purifying them from all forms of punctuation not representing opinions. Subsequently, words are reduced
to their lemmatized form and grouped under the same vocabulary and to keep at the end, those labeled as adjectives (Function
of Tree Tagger included in TXM). A list of adjectives is thus obtained for each class of opinion, ordered according to their
number of occurrences in  the sub corpus. Then, we bind lexical units whose number ofoccurrence is higher than a certain
threshold that we have set (threshold = 4).

In the end, we get a list of 153 features representing the most frequent adjectives relative to the concerned field (parliamentary
debates). Finally, the last step is to transform into a vector of occurrence each document of the corpus. However, the coordinate
of a dimension is represented by its  weight in each document according to the formula of TF*IDF. This weight measures
statistically the importance of the selected features in a document compared to the whole corpus. This importance is represented
both by their number of appearances in the text and by the inverse of the number of documents containing these features in the
corpus.

3.3 Classification Phase
The vector obtained in this experiment constitutes the training set used by classifiers. However, the vector space defined by the
set of lemmas can have many components null according to some of these dimensions. We consider in this case, that these do
not affect the classification process and  may, perhaps, add noise to the calculation of the classifier andleading to a reduction in
performances during classification.

The last phase of the experiment consists in giving to; eachextract; one polarity (positive, negative) based on a supervised
approach and having from the outset the documentsconstituting the corpus (Parliamentary debates). The two learning algorithms
selected, were tested using TANAGRA [20], a Data Mining tool for teaching and research that  implements a set of methods
resulting from the domain ofexploratory statistics and machine learning.

We chose to experiment two classification procedures, and tests were carried out using cross-validation. Five supervised
methods have initially been suggested, but some of whose performances were less interesting were ignored. Thus, the selection
was very simple, because we have retained the two most efficient methods of classification on the corpus. We briefly describe
below the two methods used for the experiment:

3.3.1 Classifier by the method of Support Vector Machines
This technique [21] is to delineate by the widest possible frontier, the different categories of samples (in our case, the Debates)
of the vectorial space in the training corpus. The support vectors constitute the elements delimiting this border. Several methods
of calculating them can be used as shown in [22]:

• A linear method.

• A polynomial method based on Gaussian distribution normal.

• A method based on the sigmoid function.

3.3.2 Naïve Bayes classifier
This technique is rather conventional for text categorization. It combines the use of Bayes law and  multinomial probabilities. We
have simply specified the computation of a priori law, using Laplace estimator.

3.4 Result of the experience
The results of this experiment were evaluated by calculating the F-score of the corpus with β = 1, as shown in (grouin, 2007):

β 2 × Precision + Recall

(β 2 + 1) × Precision × Recall
Fscore (β ) =

The overall averages of the precision and recall of all classes were evaluated according to the formula of the Macroaverage:

(1)
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Documents correctly assigned to the classi

Number of documents assigned to the classi
Precisioni =

The overall averages of the precision and recall of all classes were evaluated according to the formula of the Macroaverage:

In order to compute the total accuracy; we calculate the average accuracies of each class:

PrecisioniPrecision =
n

∑
n

i = 1

Documents correctly assigned to the classi

Number of documents assigned to the classi
Recalli  =

As for accuracy, we perform the average recall of each class to calculate the total recall:

RecalliRecall =
n

∑
n

i = 1

SVM 0.635 0.623   0.628

Naïve bayes 0.668 0.655   0.661

Precision   Recall      Fscore

Table 1. Execution results of Experiment 1

The results obtained in this experiment are reasonable; moreover, this style of process has been discussed in various previous
studies as in [23]. It is clear from these studies that the most effective approach is therefore to stick to simple linguistic features
(adjectives, adverbs) with binary or frequency values. So we have parameterized our classifiers on this basis, by extracting
adjectives of each class, limited to features having a frequency of occurrence that is higher than the threshold set. These results
serve as Baseline for the rest of the article.

4. Contribution of The Method Proposed

The analysis of co-occurrence is a way that helps to search for a word group that appears frequently in a given contextual
interval. The method that we suggest in this second experience is quite exactly founded on algorithm of cooccurence and
specificity [24] implanted in TXM. Thus, the analysis of cooccurence is based on contextual criterion such as the orientation
and distance of lexical units (collocations), in order  to detect the over-representation of some words in the verbalcontext of a
given lexical unit, and at the same time identify the contextual lexical attractions surrounding this unit. From a semantic
standpoint, this may constitute, according to us, an asset for opinion detection. This analysis has often recourse to statistical
models among which we find the Mutual Information [25] and the hypergeometric model used by Lafon in the analysis of
specific co-occurrences implanted in TXM.

By applying the hypergeometric model in the analysis of co-occurrences, Lafon seeks to determine the mutual exchanges
between a part of a text and its constituting words. It is a question of sanctioning (by comparing the contextual sample
constituted by sentences in which there is a cooccurrence  with the global and local frequency of the words of the corpus) the
most characterizing co-occurents of a given lexical unit via a statistical index and according to its appearance in its verbal
context more or less often than usual. This model aims at determining the most probable value according to the following
parameters:

T: the number of occurrence in the corpus

t: the number of occurrence in the contexts of the lexical unit.

F: the frequency of the co-occurrent in the corpus.

f : the frequency of the co-occurrent in the contexts of the lexical unit.

(2)

(3)

(4)

(5)
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The hypergeometric model is then based on a probability distribution of the number of possible permutations of the lexical forms
obtained in the event of equiprobability. A diagnosis of specificity is later calculated from the estimated probable value in order
to indicate the difference compared with the expected value. If the real frequency is lower than the expected frequency, the form
is specific and negative and carries therefore less weight in the classification of the cooccurrent forms. If the real frequency is
equal to the expected frequency, the form is then banal, it should be noted that, in our case, it will be systematically ignored by
the textometry tool TXM. Finally, if the real frequency is higher than the expected frequency, the form is specific and positive
and corresponds therefore to the expected results.

We were therefore interested, in this second experience, in the existent co-occurrences between the adjectives obtained in the
precedent step, by taking into account the left and the right contexts of the selected feature (lexical unit), in order to minimize the
loss of information related to the vectorial representation to the detriment of the semantic information. The experience consists
of selecting a list of germs composed of ten adjectives (for the purpose of the experience) with a higher frequency of occurrence
in the corpus. This process is, in a way, in line with the approach proposed in [26] where the authors propose to use an automatic
method to set up lists of adjectives indicating polarity positive/ negative for any field with the help of the search engine Google
Blog search. The search engine is used to build the corpus of texts by taking the list of germs as a starting point. The authors
have then extracted new adjectives and determined their polarity by examining the wordsoccuring in the contexts of Germs
adjectives. However, the authors studied, in these works, the adjectives in general, contrary to our experience, in which we
choose the list of germs directly from the corpus, this helps to better understand the given field. In the end, the list that we have
adopted includes 57 features (co-occurrences of lemma), an approach that is limited.

The same treatments have been applied for the pretreatment phase and the vectorial representation as for the first experiment.
Therefore, after the selection of the most distinguishing co-occurrence features (57 features in total), we apply the representation
according to TF*IDF in order to test them later with the two precedent classifiers. The table below shows the results obtained.

SVM 0.644 0.570   0.604

Naïve bayes 0.645 0.580   0.610

Precision   Recall      Fscore

Table 2. Results of Experience 2

We note through this last combination of features, a clear decrease in terms of the performances of the classifiers SVM and
Naïve bayes compared to those obtained previously. This is certainly due to the important reduction of the number of the
features used. Indeed, the relations of co-occurrences between the list of the ten germs adjectives used and the remaining 143
others present an occurrence frequency rising to a maximum of 21. Such a parameter setting leads us to set aside the selection
of the most frequent occurrences in the corpus, that is, this model of parameter setting doesn’t ensure the best representation
of the corpus, it is therefore necessary to apply other combinations of parameters in order to better rise the number of selected
relations.

This restriction to 57 features has therefore significant impacts on the task of classification; this brings us to think that the
adopted method of co-occurrence analysis is more precised for the tasks of opinion detection and in particular the classification
of polarity. Indeed, there is no question, for the next experiences, of selecting the terms at random or even take the most frequent
because most of them have after all just a support function, or even worse, they appear in a descriptive part of the document that
doesn’t aim at giving an opinion about the subject. The ideal solution would be to be able to refine this phase of features
selection by detecting automatically, from the corpus, those that are subjective among those that are purely narrative without
resorting tolexicon that is according us so generic for an adaptation to the changing field.

⎩

⎧
⎨

(6)
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5. Conclusion and Prospects

The methods exposed in this article present largely acceptable result for the polarity classification in the first experience, but
they seem to be less convincing in the second experience. We have reviewed two learning methods, these methods are rather
elementary in relation to the size of the corpus used, but they may have different results with a larger data collection.

We have also noted that the method based on simple selection of lemmatized adjectives shows the best results with the classifier
Naïve bayes (an improvement of about 4 to 5 % of the results compared to those obtained on the classifier SVM should be
noted).

Concerning the proposed method of co-occurrential analysis, it shows that the information reported with this kind of approach
are often constituted by overused vocabulary in the verbal context of the studied lexical unit (consequence of the statistical
measures used), and that the neglected negative  or absent co-occurrences may also reveal strong subjective characteristics.
Therefore, we will submit, by way of prospects, other series of tests with more varied dimensions, and this via combined
application of typological and cooccurrential methods (with various configurations between lemmas, simple words, adjectives,
adverbs, etc.) in order to observe the consequences of the negative co-occurrence on the tasks of polarity classification.

References

[1] Bethard, S., Yu, H., Thornton, A., Hatzivassiloglou, V., Jurafsky, D. (2004). Automatic extraction of opinion propositions and
their holders, Working Notes of the AAAI Spring Symposium.

[2] Turney, P. D. (2002). Thumbs up or thumbs down ? semantic orientation applied to unsupervised classification of reviews,
40th Annual Meeting of the Association for Computational Linguistics, Philadelphia.

[3] Wiebe, J., Wilson, T., Bell, M. (2001). Identifying collocations for recognizing opinions, ACL 01 Workshop on Collocation,
Toulouse, France, July.

[4] Strapparava, C., Valitutti, A. (2004). WordNet-Affect: an affective extension of wordNet, In: Proceedings of Language
Resources and Evaluation.

[5] Esuli, A., Sebastiani, F. (2006). SentiWordNet: a publicly available lexical resource for opinion mining, In: Proceedings of
Language Resources and Evaluation.

[6] Baccianella, S., Esuli, A., Sebastiani, F. (2010). SentiWordNet 3.0: an enhanced lexical resource for sentiment analysis and
opinion mining,  In: Proceedings of the conference on Language Resources and Evaluation (LREC’10), Valletta, Malta.

[7] Hannah, D., Macdonald, C., Peng, J., He, B., Ounis I. (2007). Experiments in blog and enterprise tracks with terrier. In:
Proceedings of the Text Retrieval Conference.

[8] Cambria, E., Speer, R., Havasi, C., Hussain, A. (2010). Senticnet: a publicly available semantic resource for opinion mining,
Proceedings of AAAI CSK.

[9] Vernier, M., Monceux, L. (2010). Enrichissement d’un lexique de termes subjectifs à partir de tests sémantiques, TAL journal
V. 51.

[10] Torres-Moreno., El-Bèze, Béchet, F., Camelin, N. (2009). Comment faire pour que l’opinion forgée à la sortie des urnes soit la
bonne ? Application au défi DEFT.  In: Proceecing of Text mining Challenge, Grenoble, France.

[11] Pang, B., Lee, L. (2008). Opinion mining and sentiment analysis.

[12] Zubaryeva, O., Savoy J. (2008). Opinion and polarity detection within Far-East languages in NTCIR-7, In: Proceeding of
NTCIR-7 Workshop Meeting, Tokyo, Japan.

[13] Kim, S., Hovy, E. (2006). Extracting opinions, opinion holders, and topics expressed in online news media text, In: Proceedings
of the Workshop on Sentiment and Subjectivity in Text, Association for Computational Linguistics.

[14] Nakagawa, T., Inui, K., Kurohashi, S. (2010). Dependency tree-based sentiment classification using CRFs with hidden
variables. In: Proceedings of Human Language Technologies.

[15] Wi Y., Zhang Q., Huang X., Wu L. (2009). Phrase dependency parsing for opinion mining. In: Proceedings of EMNLP,
Singapore.



Progress in Computing Applications    Volume  2   Number  1   March    2013                          15

[16] Wiegand, M., Klakow, D. (2010). Convolution kernels for opinion holder extraction. In: Proceedings of Human Language
Technologies: The 2010 Annual Conference of the North American Chapter of the ACL,Canada.

[17] Grouin, C., Berthelin, J., Ayari, S. E., Heitz, T., Hurault-Plantet, M., Jardino, M., Khalis, Z., Lastes, M. (2007). Présentation de
DEFT 07, In: Proceedings of text mining challenge, Grenoble, France.

[18] Heiden, S., Magué, J-P., Pincemin, B. (2012). TXM : Une plateforme logicielle open-source pour la textométrie, In: Procceding
of JADT’10.

[19] Schmid, H. (1994). Probabilistic part-of-speech tagging using decision trees, In: Proceedings of the International Conference
on New Methods in Language Processing.

[20] URL: http://eric.univ-lyon2.fr/~ricco/tanagra/fr/tanagra.html

[21] Joachims, T. (1998). Text categorisation with support vector machines : learning with many relevant features. Paper presented
at the ECML.

[22] Platt, J. Fast training of support vector machines using sequential minimal optimization, MIT Press.

[23] Généreux, M., Santini, M. (2007). Exploring the use of linguistic features in sentiment analysis, Corpus Linguistics, Birmingham,
UK.

[24] Lafon, P. (1981). Analyse lexicométrique et recherche des cooccurrences, Mots journal, 3.

[25] Church, K., Hanks, P. (1990). Word association norms, mutual information, and lexicography, In: Procceding of Computational
Linguistics, V. 16.

[26] Harb, A., Dray, G., Plantié, M., Poncelet, P. (2008). Détection d’opinion: apprenons les bons adjectifs, In: Procceding of
FODOP’08 (Data mining of opinions).


