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ABSTRACT
In recent years, text mining and sentiment analysis have received great attention due to the abundance of opinion data that
exist in social networks such as Facebook, Twitter, etc. Sentiments are projected on these media using texts for expressing
friendship, social support, anger, happiness, etc. Existing sentiment analysis studies tend to identify user behaviors and state of
minds but remain insufficient due to complexities in conveyed texts. In this research paper, we focus on the usage of text
mining for sentiment classification. Illustration is performed on Tunisian users’ statuses on “Facebook” posts during the
“Arabic Spring” era. Our aim is to extract useful information, about users’ sentiments and behaviors during this sensitive and
significant period. For this purpose, we propose a method based on Support Vector Machine (SVM) and Naïve Bayes. We also
construct a sentiment lexicon, based on the emoticons, interjections and acronyms, from extracted statuses updates. Moreover,
we perform some comparative experiments between two machine learning algorithms SVM and Naïve Bayes through a training
model for sentiment classification.
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1. INTRODUCTION
Arab countries, which do not represent an exception for this rule, count a huge number of social network users. In fact,
social networks become for Arab people a magic tool to promote freedom of speech, human rights and democracy.
Social networks were the spark that contributes to the triggering of unexpected revolutions in some of the Arab
countries. At the beginning, it was Tunisia that performed its revolution that laid the country into the “delightful” road
of democracy. Then, it was the turn of Egypt, Yemen, Syria, etc., to taste the hard path of freedom.
On social networks interfaces, people had the opportunities to call for the change, by expressing their sentiments
through a multiplicity of publications. In fact, statuses, commented images, videos, articles, etc. were shared on social
networks to show dictators’ crimes, inequalities between regions, etc. During the Tunisian revolution associated period,
Facebook has become the collective source of information and one of the most important tools of communication for the
Tunisian. At that time, Tunisian Facebook users had tendency to share their feelings, their thoughts and to inform their
friends about conditions of their cities or neighborhoods, by sharing videos and pictures and especially posting short
posts on walls which was the preferred way to interact with friends and by consequences to push them to care about
what they think.
This paper explores the potential applications of text and sentiment mining techniques on statuses update in order to
analyze the Tunisian’s behavior during the revolution. For this purpose, we choose a random population having
Facebook accounts. It includes males and females, students, workers, housewives, etc. The age of targeted population is
varying between 21 and 54 years old. In fact, through the application of machine learning algorithms, we aim to
identify the nature of the statuses update, and to link them to behaviors and sentiments characteristics. For that
purpose, we created our own dataset and then we applied on it two machine learning algorithms: Naïve Bayes and
Support Vector Machine. The expected output is to classify the extracted statuses into semantic classes useful, not only
for people that aim to know themselves, but also for political decision makers.
The proposed paper is organized as follows. The state of the art and the background of social networks text mining are
described in section 2. In section 3, we discuss the methodology of our work and describe the proposed architecture. In
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section 4, the process of our experiments is described and the results are discussed and evaluated. Finally, section 5
concludes and proposes possible directions for future works.

2. THE STATE OF THE ART
2.1 Text mining
Text mining is known as text data mining [1], or knowledge discovery from textual databases [2] or as an extension of
data mining or knowledge discovery from structured databases [3]. In general, it refers to the process of extracting
useful information by identifying and exploration of interesting and non-trivial patterns from unstructured text
documents. Reference [2] mentioned that text mining uses techniques from information retrieval, information
extraction and natural language processing. It also connects with the algorithms and methods of knowledge discovery
from databases (KDD) [3], data mining [4], machine learning techniques [5] and statistics.
Therefore, text mining has been used to perform sentiment analysis in public forums, blogs and especially social
network sites. In fact, textual information is categorized into two types: facts, which are objective expressions about
entities, events and their proprieties, and opinions which are subjective expressions that describe people’s sentiment
toward entities, events and their properties [6]. Sentiment analysis, known as opinion mining as well, takes the written
text and translates it into different context, such as positives, negatives or neutral.
2.2 Sentiment analysis
2.2.1 An overview of sentiment analysis
With the growing availability of opinion-rich resources such as social networks sites, blogs and forums new challenges
arise as people actively use information technologies to seek out and understand the opinions of others in many
domains such as asking about a particular product, politics, etc [7]. Instead of conducting costly market studies,
customer satisfaction analysis or traditional surveys techniques, sentiment analysis provides companies offering
products or services with means to analyze published reviews, to estimate the extent of product acceptance and to
determine strategies to improve product or service quality. Sentiment analysis also facilitates policy makers or
politicians to analyze public sentiments with respect to policies, public services or political issues.
Several subtasks can be identified within sentiment analysis:
 Determining document subjectivity: often called subjectivity classification: this subtask determines whether a giving
text is objective (expressing a fact) or subjective (expressing an opinion or emotion) [8]-[9].
 Determining document orientation: often called sentiment classification or document-level sentiment classification:
this subtask determines the polarity of a giving subjective text. In other word, determines whether this text expresses a
positive or a negative sentiment on its subject matter [8]-[10].
 Determining the strength of document orientation: this subtask decides whether the positive sentiment expressed by a
text on its subject matter is weakly positive, mildly positive or strongly positive [11]-[12].
2.2.2 Sentiment analysis’ techniques
The sentiment analysis is a challenging field. During the few last years, it has attracted a lot of researchers. Therefore,
we can find a variety of techniques of sentiment analysis in the literature. The two main ones are the machine learning
approaches and the dictionary-based one.
a)
Machine Learning techniques
The machine learning methods treat the sentiment classification problem as a topic-based text classification problem.
Any text classification algorithm can be employed, such as Naïve Bayes, Support Vector Machine or Maximum
Entropy, etc.
Reference [10] developed an unsupervised learning algorithm, known as Pointwise Mutual Information and
Information Retrieval (PMI-IR), to classify texts as recommended or not recommended.
Reference [13] used three machine learning techniques (Naïve Bayes, classification maximum entropy, and SVM) to
classify movie reviews as positive or negative. They tested different feature combinations including unigrams, unigrams
+ bigrams and unigrams + POS (part-of speech) tags, etc. Those techniques outperformed the human-generated
baseline, and the SVM was the technique that gave the best result. Other examples of machine learning approaches in
the sentiment analysis area are proposed such as regression models to predict a review’s usefulness [14] and a semisupervised method of performing a binary classification of texts as positive or negative [15]. Reference [16]
investigated the utility of Naïve Bayes and SVM on political web logs and they showed that a Naïve Bayes classifier
significantly outperforms SVM.
In [17] the authors applied simple online classifier Winnow to classifying polarity of documents. They showed that
human agreement can merely achieve 75%-80% of precision and recall on polarity prediction. The recall obtained by
Winnow is very poor, achieving only 43% for positive reviews and 16% for negative reviews.
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Reference [18] conducted a comparative experiment on sentiment classification for online products reviews using the
following classifiers: Passive-Aggressive (PA) Algorithm Based Classifier [19], Language Modeling (LM) Based
Classifier [20], and Winnow Classifier. The results of their experiments showed that the Passive-Aggressive algorithm
reached the higher accuracy (90, 07%) comparing to the others.
Reference [21] conducted a sentiment analysis of restaurant reviews by building a senti-lexicon, and proposed two
improved versions of the Naïve Bayes algorithms. Then, they evaluated their performances by comparing them to the
original algorithm Naïve Bayes and SVM. Results showed that the improved versions of Naïve Bayes proved
effectiveness.
b)
Dictionary-based approaches
Those approaches extract the polarity of each sentence in a document. Afterwards, the sense of the opinion words in the
phrase is analyzed in order to classify the sentiment in the text. Generally speaking, the techniques that follow this
approach are based on lexicons, and use a dictionary of words mapped to their semantic value [22].
The lexicon of a language is its vocabulary. The first version and the most well-known one is WordNet1 [23] which is a
semantic lexicon where words are grouped into sets of synonyms (called synsets). Another famous example of lexicon is
SentiWordNet [24] which is an extension of WordNet. This one is a sentiment lexicon that represents an index of
sentiment words, and it has the polarity information of the relevant word irrespective of whether it carries a positive
sentiment or a negative one.
In this article, we perform text mining and sentiment analysis on a novel collection which represents Facebook’s
statuses updates Tunisian users in order to analyze sentiments and behaviors during the revolution of January 2011.
Recent research on sentiment analysis [6], has focused on the mining of massive volume of texts with opinions and
sentiments. Unlike most text, however, wall posts are comparatively short and they are probably the most popular
Facebook

3. METHODOLOGY
In this sub section we propose a general architecture of our analysis (Fig.1). This framework is divided into 6 steps: raw
data collection, lexicon development, data preprocessing, feature extraction and sentiment classification.
3.1 Raw data collection
This step consists of extracting statuses update (approximately 260 statuses) from Tunisian users during the Tunisian
revolution (from 01-01-2011 to 01-06-2011). This is done through a web application called “I Told You2”, and stores
them in a custom database.
3.2. Lexicon development
This step focuses on the informal language of online social networks. For this reason, three types of lexicons were
created: lexicon for social acronyms, lexicon for emoticons and lexicon for interjections.
3.2.1. Acronyms’ lexicon
This lexicon denotes the most used acronyms by Tunisian Facebook users (Table.1).

TABLE 1: ACRONYMS’LEXICON
Acronym

Sentiment

LOL
GR8

Positive
Positive

1

WordNet is a large lexical database of English. Nouns, verbs, adjective and adverbs are grouped into sets of cognitive synonyms
(synsets) (Wordnet.com)
2

www.IToldYou.com
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Figure 1 The proposed architecture
3.2.2. Emoticons’ lexicon
We collected a lexicon of the most used emoticons on Facebook and annotate them manually whether they express a
positive or a negative sentiment (Table 2).
TABLE 2: EMOTICONS’ LEXICON
Emoticon

Sentiment

:)
:-)
:p
:(
:/
:'(
;)
:>
:-(
:*
:<
:-*
:-x
<3

Positive
Positive
Positive
Negative
Negative
Negative
Positive
Positive
Negative
Positive
Negative
Positive
Positive
Positive

3.2.3. Interjections’ lexicon
This lexicon contains the main interjections3 used in our data set and in Facebook in general (Table 3).
TABLE 3: INTERJECTIONS’ LEXICON
Interjection

Sentiment

Wow, waw
Haha,
hihi,
hehe
Oh dear
Thank you
Help
No way
Oy

Positive
Positive
Negative
Positive
Positive
Negative
Positive

3.3. Data preprocessing
The process of sentiment text preprocessing is similar with the traditional text preprocessing of text classification. The
goal behind preprocessing is to clean the dataset by removing words and punctuations that don’t have an influence on
sentiment classification. This increases the performance of the later the classification task. Therefore, the preprocessing
is a primordial task. This involves two main parts: Removing stop words and Stemming.
3

A list of English interjections is available on http://www.vidarholen.net/contents/interjections/.
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 Removing stop words
The stop words are words that do not add meaningful content to the data set (i.e., pronouns, prepositions, conjunctions,
etc). So, removing them reduces the space of the items significantly in the training and testing text. Examples of such
words include ‘the’, ‘a’, ‘of’, ‘and’, ‘to’. So the first step in preprocessing is removing these stop words.
 Stemming
Stemming is the process of removing prefix and suffix leaving the stem or the root of the word. For example, the words
love, loved, loving and loves would be reduced to the root word love. The Porter stemmer [25] is a well-known
algorithm for this task.
3.4. Feature extraction
The feature extraction is the process of extracting the main characteristics of the text. For a machine learning algorithm
to perform well, it is essential to have features that are descriptive of the text. In our context, we need to be able to
identify the words that express sentiment. Previous researches experimented with different features in the sentiment
analysis and compare which features worked well and gave the best performance of the classification. The following
features are discussed: text representation, the n-gram and the Part of speech (POS) tagging.
 Text representation
The common classifiers and learning algorithms cannot handle the emotional text directly. So, we have to represent in
the form that classification algorithm can deal with. The documents are typically represented by feature vector. The two
main approaches of document representation are the Bag-of-Words Model (BOW) and the Vector Space Model (VSM)
[2].
In bag-of-words model, each word is represented as a separate variable having numeric weight.
Vector space model is now recognized as the best document representation model. Its basic idea is to simplify the
document as a vector present in which feature term weight as component. The most popular weighting schema is term
frequency inverse document frequency TFIDF [26]. However, reference [13] obtained better performance using
presence rather than frequency. A binary-valued feature vectors in which the entries merely indicate whether a term is
present (value 1) or not (value 0) formed a more effective basis for review polarity classification than did real-valued
feature vectors in which entry values increase with the occurrence frequency of the corresponding term. We choose the
presence representation because it yielded a higher accuracy representation than the standard frequency feature
representation in previous related research.
 N-gram
One of the main steps of feature extraction is N-gram model [27]. The N-gram is a contiguous sequence of n words.
The n-gram model consists of extracting a bag-of words representation of the text’s field. Each feature corresponds to
an N word, with the value of true if that feature is present and false otherwise. In this work, we explore the usage of
unigrams, bigrams, trigrams, unigrams and bigrams and parts of speech as features.
A unigram is a single word, and a bigram is a pair of words that appear next to one another. Unigrams are the most
typical type of text feature. Bigrams and trigrams may carry more information. In this master thesis, we extracted those
features in order to evaluate their effectiveness in the context of sentiment analysis.
In [28] authors achieved better results with the combination of unigrams and bigrams than just unigrams or just
bigrams respectively.
 Part-of-speech tagging
Part-of-speech is similar to the word bigrams discussed above except that instead of pairs of words, they are pairs of
grammatical categories. The POS tagging consists of marking up a word in a text to a particular part of speech based
on its context and its definition. We use POS as features because the same word may have many different meanings
depending on its usage. For instance, “like” as a verb may have a positive connotation. “Like” may also be used as a
preposition to cite an example, this does not carry a positive or negative connotation. In English, we have 9 parts of
speech: noun, verb, article, adjective, preposition, pronoun, adverb, conjunction and interjection.
3.5. Creating a training model for the text polarity
Every classification task starts with a training dataset. Supervised learning algorithms usually require hand-labeled
training data with a class (Positive or Negative). The training dataset should be rich and varied, providing the
algorithm with a healthy cross section of the types of texts records for which classification may be needed in the future.
As for what percentage of the data should be used for training and what percentage for testing, it depends on the data
set size. Typically 60% to 90% of instances are used for training and the remainder for testing. The more data there is
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the more that can be used for training and still get statistically significant test predictions. In our context, we split our
preprocessed data into two sets: 60% of our preprocessed data is used for the training set and 40% for the testing set.
We labeled our training set with POS if the status expresses a positive sentiment or NEG otherwise. Then, the task is
to generate a classification model that is able to assign the correct class to a new status update.
To measure the performance of the classification model, we classify the testing set with the training model and compare
the classified result (predicted labels by the model) with the true labels.
3.6. Classification using machine learning methods
We want to gauge the effectiveness of well-known sentiment classification algorithms on our novel corpus of Facebook
statuses. We focus on two different machine learning techniques: Naïve Bayes and Support Vector Machine to
determine their applicability in our context and compare their accuracies.
3.6.1. Naïve Bayes (NB)
A Naïve Bayes classifier is a probabilistic classifier based probability models that incorporate strong independence
assumptions among the features. Our NB classifier assigns a given statuses the class. We choose to use a Naïve Bayes
classifier because of its simplicity and its performance in previous studies on our chosen feature set representation [13,
16].
3.6.2. Support Vector Machine (SVM)
Support Vector Machine classification [29] method is a very effective way for classification, and its results are better
than other classification algorithms, in general such Naïve Bayes and decision trees, etc. The aim of the SVM is to
identify a hyper-plane that separates two classes of data. The chosen hyper-plane creates the largest margin between the
two classes to make the points belonging to different classes and also make those points away from the hyper-plane as
far as possible. In other word, using SVM classification method is equivalent to solving a constrained optimization
problem.
We choose SVM as the classifier because of its often reported best performance and it has been adopted by many
previous text classification studies [13]-[16]-[30]-[31].

4. EXPERIMENTS AND DISCUSSIONS
4.1. Experimental setting
Our experiments are divided into two phases: a Training phase and a Classification phase.
The training phase consists of building a training model. Based on this model, unlabeled statuses updates are classified
in the classification phase. The preprocessing step eliminates the stop words and other unnecessary characters. The
stemming process is performed as well. After that, a part of speech for each word from the training set is tagged. In the
feature extraction step, the n-gram pattern made up of n word, as explained in section III, is extracted. We extracted 4
n-gram patterns:
- A unigram pattern: made up of one word for extracting a sentimental pattern.
- A unigram + bigram pattern: a combination of a unigram and bigram pattern.
- A unigram + trigram pattern: a combination of a unigram and trigram pattern.
- A unigram + bigram + trigram pattern: a combination of a unigram, a bigram and trigram pattern.
Once we have extracted the features in the training step, a training model is generated according to each algorithm. For
the Naïve Bayes algorithm, a model is built by calculating the probability value based on the frequency of the extracted
pattern. And for the SVM algorithm, a model is built by finding the optimal hyper-plane in order to divide the two
classes.
Our set of experiments compares the two machine learning techniques by making different combinations of the
extracted features.
To perform our experiments, we use the WEKA machine learning toolkit, version 3.6.8 [31]. We use the Naïve Bayes’
implementation and we chose Naïve Bayes’ multinomial event-driven model. For SVM, we use the SMO kernel
implementation. SMO, sequential minimal optimization, breaks the large quadratic optimization problem into the
smallest quadratic optimization problems, which can be solved analytically [13].
For the validation, we chose to use the validation technique that was used for all classifiers Stratified 10-fold cross
validation. In stratified 10-fold cross validation, the training set is randomly divided into 10 sets with approximately
equal size with additional constraint that the fold distribution are similar to the original distribution of the classes. For
each fold, the classification process is applied 10 times with one of the folds as test and the remaining (10 - 1= 9) folds
as training set. This procedure is repeated for each of the 10 groups. The cross-validation score is the average
performance across each of the 10 training runs [16].
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4.2. Results and discussions
To evaluate the performance of sentiment classification, we use the standard classification performance metric used in
previous information retrieval and text classification studies: The accuracy (1), the precision (2), the recall (3) and the
F-measure (4).
Accuracy 
Pr ecision 
Re call 
F  measure 

ad
abcd
a

(1)
(2)

ab
a

(3)

ac

2 * Pr ecision * Re call
Pr ecision  Re call

(4)

Where:
- a: the number of statuses correctly assigned to this class.
- b: the number of statuses incorrectly assigned to this class.
- c: the number of statuses incorrectly rejected to this class.
- d: the number of statuses correctly rejected to this class.
We compared the performances of different feature sets using Naïve Bayes and SVM classifiers. We chose 60% of our
dataset as training data and the remaining 40% as testing data. We used 10-fold cross validation to conduct the
evaluation. Table 4 summarizes the accuracy for all seven feature sets. We highlighted in bold font the best accuracy.
TABLE 4: CLASSIFIER’S ACCURACY
Features

Unigrams
Unigrams +
Bigrams
Unigrams+
Trigrams
Unigrams +
Bigrams + Trigrams

#of
feature
s
610
1629
1655

2688

Accuracy
NB (%)

Accuracy
SVM (%)

72.15

74.68

74.05

75.31

71.33

71.97

72.61

71.97

Comparing to unigram features, and when we use unigrams and bigrams as features, the accuracy improved for Naïve
Bayes (from 72.15% to 74.05%). There was an increase for SVM (from 74.68% to 75.31%). In reference [13], there
was a decline for both Naïve Bayes and SVM. And when we use unigrams and trigrams as features, and comparing to
unigrams and bigrams there was a decrease of the accuracy for Naïve Bayes (from 74, 05% to 71, 33 %) and SVM
(from 75, 31% to 71, 97 %).
Moreover, when we compare the unigrams features to the combination of the three n-gram as features, there is a slight
improvement for Naïve Bayes’ accuracy (from 72, 15% to 72, 61%), but a decrease of SVM’s accuracy (from 74.68% to
71, 97%)
The two classifiers reached their highest accuracies when a combination of unigrams and bigrams is used as features.
However the lowest accuracies were reached when we use a combination of unigrams and trigrams. Therefore, using
the combination n-gram (unigram + bigram) as a feature tends to be the best in terms of accuracy for Naïve Bayes and
SVM.
In addition to, we found out that the SVM’s algorithm outperformed the Naïve Bayes in all cases. This confirms the
previous published researches [13]-[28]. The SVM reached its highest accuracy (75, 31%) in the case of using the
combination of unigrams and bigrams as features.
In table 5, we zoomed into the performance of NV and SVM in the case of using the combination of unigrams and
bigrams as features by calculating the precision, the recall and the F-measure.
Using NB, a Facebook status that has a positive sentiment is correctly identified as such with 74, 1% recall. However
for SVM, the recall is less than the NV’s one, which means a Facebook status that has a positive sentiment is correctly
identified as such with 71, 2% recall.
For SVM, a Facebook status given a positive classification is 89.2 % likely to be correct. But a Facebook status given a
negative classification is only 60% likely to be correct.
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Although the accuracy of SVM seems good (75.31%), the precision and recall indicate that the numbers are confusing.
This is clearly visible in the F-measure rates (89.2% for Positive and 60% for Negative). One possible explanation for
these results is that the model in this case study was built with many more positive statuses than negative ones, and the
test data contains mostly positive statuses. Therefore, we can conclude that most of the published statuses on Facebook
during the revolution have a positive sentiment. This would be surprising due to the rough conditions that the users
have been enduring.
TABLE 5: RESELTS FOR UNIGRAMS + BIGRAMS USING NB AND SVM
NB

SVM

Polarity

Precision
(%)

Recall
(%)

Fmeasure
(%)

Precision
(%)

Recall
(%)

Fmeasure
(%)

Positive
Negative

75
73.1

74.1
74

75
73.1

89.2
60

71.2
83.3

89.2
60

5. CONCLUTION AND FUTURE WORKS
In this paper, we have investigated the utility of sentiment classification on a novel collection of dataset which is
Tunisian Facebook users. The originality of this collection leads not only on the nationality of the users, but also on the
period of posting their statuses updates which is the Tunisian revolution. This period was very special and unique for
them, so their wall posts are with no doubt unique and encouraging to analyze.
Using the most well-known machine learning algorithms, we conducted a comparative experimental procedure between
the Naïve Bayes and the SVM algorithms by combining different feature extractors. Those algorithms can achieve high
accuracy for classifying sentiment when combining different features. Although Facebook statuses have unique
characteristics compared to other corpuses (Reviews, News, etc), machine learning algorithms are shown to classify
statuses with similar performance.
Finally, the overall performance of the proposed methodology is satisfactory, however, we would like to further improve
our research by tracking changes within people’s sentiment on a particular topic, explore the time dependency of our
data and analyze their trendy topics dynamically. It would be very interesting to involve the temporal feature on this
kind of analysis and not to focus solely on previous posts or discussions.
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