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Abstract. Opinion mining in Social Networks has recently become one of the most popular topics for investigation in
the area of natural language processing. The present paper shows the results of building opinion classifiers for Peruvian
Facebook applying the technology of inductive modelling. For this purpose we make use of a) linguistic indicators,
prepared by experts, which automatically form 2 variables that determine the contribution of positive and negative units,
and b) GMDH Shell tool for selection of optimal model in the class of polynomial models with account of the mentioned
variables. Each formula reflects the contribution of positive/negative units in a text. In the experiments we reached the
total accuracy of 74% for 3 categories (positive, neutral and negative) and 60 % for 5 categories (extremely positive,
positive, neutral, negative, extremely negative), thus improving the results obtained previously by other researchers.
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1 Introduction

1.1 Related works

Social Networks are used inter alia for studies of people interaction, behaviour, activity, language use and so on. Also,
useful data can be extracted from this information space for business and administrative applications, because at present
it is mainly there where users share ideas and opinions on goods, services, economic and political events, etc. on a daily
basis. On Facebook there are over 2.7 billion entries produced every day, thus, the opinion collection is enormous and
easily accessible. It is evident that these amounts of data cannot be processed manually. For the purposes of extraction
and analysis of relevant information researchers employ ad-hoc NLP techniques called opinion analysis.

Opinion analysis usually involves the use of the following data:

• a list of sentiment indicators, such as word tokens, emoticons, etc., classified as positive or negative. Instead of a
simplistic binary scale (+1, -1) one can use a more detailed one by means of a classification into 4 (+2,+1,-1,-2) or
more categories.

• a list of documents belonging to 2 categories (positive and negative), 3 categories (positive, neutral and negative) or
5 categories (previous three plus ”extremely positive” and ”extremely negative”). Here the scales (+1, -1), (+1,0,-1)
and (+2,+1,0,-1,-2) are used.

At present there are several freeware tools for opinion analysis available on Internet. We mention only three packages:
Co Calc, SentiStrength and Peruvian classifier.
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So-Calc is a program created by the Canadian researcher Maite Taboada [4] for the analysis of opinions about products
and services on the Web and particularly at Epiniones.com. It distributes opinions among 2 categories (positive and
negative) using a very detailed scale for sentiment classification. Co-Calc is constructed in the form of a regression model
on the basis of opinions previously labeled by experts.

SentiStregth is a tool, developed for opinion mining at the University of Wolverhampton, UK, as a part of CyberE-
motions project [3]. This tool proved to be effective in estimating the strength of positive and negative emotions in short
informal texts. The program makes use of special dictionaries, where each sentiment word is assigned a weight. The
percentage of positive and negative weights in a text further determines its polarity (positive, neutral, negative). Also,
some rules of non-standard grammar are taken into account.

Opinion classifier for Peruvian Social Networks is presented in [2]. As indicated, the algorithm is based on that of the
SentiStrength tool. It includes dictionaries of Peruvian informal language and divides opinions into 3 categories (positive,
neutral, negative) by measuring the difference in contribution of positive and negative components.

1.2 Problem settings

Our aim is to build a classifier for 3 (positive, neutral, negative) categories. We also make an attempt to construct one
for 5 categories (very positive, positive, neutral, negative, very negative) using more delicate models such as neuro-like
networks, which are sensitive to the relation between variables of the model and do not require large amounts of a priori
information. As a result, we present the application of inductive modelling techniques and tools to the task.

The other sections are organized as follows. Section 2 describes linguistic resources (corpus, vocabularies, linguistic
indicators). Section 3 explains the application of the inductive modelling tool, GMDH Shell, to the classification of
variables into 3 and 5 categories. Section 4 concludes the paper.

2 Linguistic resources

2.1 Thematic structure of the corpus

Opinions are judgements expressed by a person as a result of experiencing an emotion and/or interpreting certain facts.
This subjective information is what we aim to capture in a text using automated tools and expert analysis.

Since the purpose of our study is the most detailed estimation possible of opinion polarity in short informal texts,
instant messages from social networks serve as the source for the input data. Facebook, as we mentioned above, generates
billions of posts on various topics in different languages daily. Our corpus includes 200 comments extracted from Peruvian
Facebook (Peruvian variant was chosen due to the presence of ad-hoc vocabularies). Posts were related to several topics
presented in Tab.1:

Tab. 1. Input data
Category No Category No
TV 21 Gastronomic Festival 11
Fast food 22 Celebrities 16
Cinema 19 Insurance 15
Banks 20 Soda 17
Chocolate shops 21 Airlines 18
Filling stations 20 Total 200

The main difficulty lied in the properties of informal text: it is unpredictable and short. People tend to use special
symbols (emoticons), repetitions of characters, excessive punctuation, invented words and syntactic constructions and so
on. In Appendix A.1 we present a screenshot from our corpus that shows some examples of informal messages from
Peruvian Facebook (evaluation of products (Peruvian fast food chain Bembos)).
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2.2 Evaluation of opinion polarity in texts

The training sample was prepared on the basis of expert analysis, which allowed establishing the limits of accuracy
for further estimations. Three experts analyzed the polarity of 200 comments and assigned the corresponding weights
to each word. The scale included the points (-2,-1,0,1,2). Here (2) means ”extremely positive”, (1) - ”positive”, etc.
These estimations were used for 5-category classification. When dealing with 3 categories experts applied another scale
(+1,0,-1). The results of indexing for 3 and 5 categories are presented in Fig.1:

Fig. 1. Evaluation of opinion polarity by three experts

It can be observed that expert opinions coincide in most cases, however, there are comments containing ambiguous
expressions, which can be identified only if a broader context is given. Also, as it can be seen in Tab.2, the more categories
we consider, the less the coincidence found in expert opinions.

Tab. 2. Percentage of coincidence in expert opinions
Categories/Opinions 3 coincide 2 of 3 coincide 3 are different

3 82.5% 17,5% 0%
5 63% 37% 0%

2.3 Linguistic variables

Linguistic base includes 6 vocabularies, created by the experts:

• stop-words

• normative vocabulary and slang (weighted)

• collocations (weighted)

• negations (weighted)

• booster words (weighted): words with prefixes hyper-, super-, ultra- etc.

• emoticons (weighted)

An example of vocabulary with weights is given below in Tab.3. Here the symbol # denotes word ending. These 6
vocabularies of Peruvian lexicon were also used for the classifier, presented in [2], where the contribution of linguistic
indicators was normalized by the number of elements, creating a pair of variables.

On the basis of expert opinions the percentage of comments in each category was calculated and baseline values were
defined as presented in Tab.4.
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Tab. 3. Normative vocabulary with weights
Lexis Points Lexis Points
excelent# 2 odio -2
buenazo 2 ignorante -2
brav# 2 malı́simo -2
águila 1 queja -1
cómod# 1 mal# -1
feliz 1 fals# -1

Tab. 4. Percentage of comments per category
No of categories Percentage

5 categories extremely positive 26%
positive 16%
neutral 19%
negative 27% - baseline
extremely negative 12%

3 categories positive 42% - baseline
neutral 19%
negative 39%

The contributions of positive and negative units in texts were measured by summing all values independently of
polarity scale: no difference was made inside the categories between extremely positive and positive, and extremely
negative and negative. This parametrization was accomplished on the basis of the mentioned vocabularies. As a result we
obtained two variables denoted as Var1 and Var2 respectively.

3 Inductive modelling

3.1 GMDH Shell

GMDH Shell (GS) is a tool widely used for time series prognosis, function approximation and object classification [5]. It
employs a technique of inductive modelling, the well-known Group Method of Data Handling (GMDH).

At present GS includes two algorithms:

• Combinatorial GMDH (a modification of COMBI)

• GMDH-type neural networks

Modifications include limitations for the elements of the polynomial model and availability of parallel processing [1].
In our work GS is used in the mode of classification. The division surfaces are determined in the framework of approach
one-vs-all. In the process of inductive modeling GS finds the surfaces of optimal complexity. One of GMDH Shell main
advantages is that the model is found even when the information on source data is scarce.

3.2 Classifiers

The following experiments were performed:

• classification into 3 categories. In this case GMDH Shell uses the simple combinatorial algorithm

• classification into 5 categories. In this case GMDH Shell uses a more complex algorithm based on neuro-like

networks
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For illustration of process of inductive modelling we show a screenshot from GMDH Shell for the case of 5 categories
in Appendix A.2

Our classifier was trained and tested by two-fold cross-validation. The respective accuracy is presented in Tab.5.
SentiStrength and Peruvian classifier accuracies are included for comparison.

Tab. 5. Comparative accuracy
Classifier 3 categories 5 categories
SentiStrength 64% -
Peruvian classifier 72% -
GMDH Shell 74% 60%

4 Conclusion

4.1 Discussion

The present paper shows the positive experience of application of GMDH Shell tool to the tasks of Opinion Analysis. The
programs used earlier, such as SentiStrength [3] and the Peruvian version of the same [2], were based on deductive ap-
proach. It involves a theoretical model and the corresponding algorithm. The theoretical model measures the contribution
of positive and negative lexical units and establishes one or several thresholds. Predefined intervals determine the opinion
category.

In our study an inductive approach is proposed. GMDH Shell tool is used in the classification mode. The algorithm is
trained on different subsets of experimental data using several rules for decision making (generated by GMDH). It doesn’t
depend on the quality and amount of experimental data. The resulting accuracy for 5-category classification (60%) is
much higher than the established baseline - 27%.

4.2 Future work

As a perspective, we aim to introduce the following improvements:

• examine the sensibility of the model to the changes in the sets of linguistic indicators

• increase the number of variables by adding positive/negative emoticons as separate variables

• use indefinite and combined categories (e.g., non-negative as a combination of positive and neutral), depending on
specific purposes
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[2] López R., Tejada J., Thelwall M.: Spanish Sentistrength as a tool for Opinion Mining Peruvian Facebook and Twitter.
Artificial Intelligence Driven Solutions to Business and Engineering Problems (ITHEA 2012), pp.82-85, 2012.

[3] Thelwall M., Buckley K., Paltoglou G., Cai D.: Sentiment Strength Detection in Short Informal Text. Journal of the
American Society for Information Science and Technology, 61, 2544-2558, 2010.

[4] Taboada M., Brooke J., Tofiloski M., Voll K., Stede M.: Lexicon-based methods for sentiment analysis. Computa-
tional Linguistics, 37(2), 267-307, 2011.

[5] http://gmdhshell.com

International Conference in Inductive Modelling ICIM' 2013

245



Appendix A

A.1 Corpus screenshot

A.2 GMDH Shell screenshot
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