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This research sought to measure some socio-political indicators using millions of
opinionated messages from social network sourced big data. Thus, and using an enhanced
mixed method for sentiment analysis and a fusion model algorithm to infer topics from short
text, this study attempted to demonstrate the value of computational approaches in
measuring some phenomena in the real social world and quantifying public opinion
Sfluctuations in response to certain socio-political issues. The validity of the experimental
results was examined by comparing them with data obtained from representative surveys,
thus providing a better understanding of the relationships between online and offline
opinion dynamics. This contribution is intended to be multidisciplinary, both useful for

policymakers and opinion analysts to explore public trends and to inquire into socio-

political issues.

1. Introduction

Nowadays, in the communication fields, market research and
public opinion analysis, as in many other disciplinary domains,
social media are mobilized as new societal trends observatories [ 1,
2]. The evolution of these networking platforms in the first decade
of the 21* century has enabled Internet users without specific
technical skills to easily publish and share content on their
concerns [3]. The participation architecture on which these
services are based has facilitated the information co-production,
and has offered spaces for socio-political engagement [4].

In this context, millions of people interact daily on social
networks, producing several hundreds of millions of messages of
all kinds and of any content. These messages represent valuable
clues concerning practices, representations and Internet users’
opinions. As such, they form a particularly interesting material to
investigate when looking at citizen public behavior studies.
Furthermore, due to the development of technical and
computational tools that have made it possible to collect, archive
and analyze huge data volumes, namely big data, these numerical
phenomena can be objectified and quantified, on a large scale, for
the investigation’s needs. Social media analytics open up a
promising way for the quantitative study of certain substantial
subjects of declarative surveys, such as quantifying a social object,
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capturing behavioral representations and uncovering political
intentions.

In this work, we seek to exploit data extracted from Facebook
and use computational methods to measure some socio-political
indicators. This article does not claim to provide affirmative
answers about the effective correlations between the phenomena
observed on social media and those perceived in the real world. On
the contrary, it aims to help support the observation indicating that
social networking data constitute a particularly interesting material
to investigate when trying to study citizens’ behavior, public
opinion's fluctuations and social trends, particularly where
declarative surveys and others conventional approaches turn out to
be often costly, time-consuming and labor-intensive [5].

This paper is an extension of work originally presented in 2019
International Conference on Intelligent Systems and Advanced
Computing Sciences (ISACS) [6]. An initial work, which was
interested in measuring of notoriety capital on Facebook of a
political figure. Here, we will not be limited to measuring political
popularity, but we will improve this research to be able to evaluate
other socio-political indicators. Likewise, we will not settle for the
use and study of messages formulated only in one language, as was
the French case in [6], but we will extend the prospecting to
include also social networking data expressed in classical Arabic
and dialect as well.
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Another improvement of the present work is linked this time to
the observation relating to the fact that topic models, like Latent
Dirichlet Allocation (LDA) and its derivatives, are not efficient in
the analysis of short texts due to data sparsity [7]. Alas, it is clear
that the overwhelming majority of data extracted from social
networks consists of short texts. Here, we will overcome this
inconvenience by opting for an improved Biterm Topic Model
(BTM) model based on the heat matrix [8].

The rest part of the paper is structured as follows. Section 2
presents an overview of related work. Section 3 is dedicated to the
data collection process description and the suggested approach
implementation. An experimental evaluation of the method is also
presented in the same section. Finally, discussions, conclusions
and suggestions for future research openings are made in the last
section.

2. Related Work

Studies seeking to examine predictive capacity of social media
data and to establish existence of possible correlations between the
facts perceived on social media and those observed in the effective
world have been subject to a rich and growing literature since the
beginning of the 21 century [2].

Many recent studies have used social media data as a new
sensor of societal trends and a new predictor of economic or
political phenomena, ranging from stock market volatility to box
office performance or, in a certain perspective that interests us
more directly, public opinion fluctuations and social dynamics [9,
10]. Research in this area has been driven by a positivist approach
that is certainly strengthened owing to the unprecedented
possibilities offered by these new social platforms, in the sense that
they allow unheard-of access to the data shared daily by people as
well as to their networks, regardless of any temporal or geographic
consideration.

In this context, a review article published in 2014 [11] has
listed more than a hundred studies devoted solely to political
messages published on the social network Twitter. The penchant
of researchers for Twitter can be explained by easier access to data,
where, unlike Facebook, the vast majority of accounts are
“accessible” and by the brevity of posts on Twitter, limited to 280
characters.

Always on Twitter, a meta-analysis developed by Gayo-Avello
[12] examined the predictive usefulness of data published on this
social network, leading to the conclusion that such data have
relatively predictive power and provide some information referring
to electoral consultations results.

It should be noted on the socio-political aspect that the most
commonly studied subject is that concerning electoral outcomes
prediction using social media data [13]. In the opposite, studies
relating to the political popularity evaluation, for example, or to
the measurement of social indicators are not numerous, and here
too Twitter has often been called upon to make forecasts. In
addition, and almost globally, these studies have not examined the
validity of the predictions by making comparisons to
conventionally more admissible results types, such as those from
censuses and surveys [14].

It should also be emphasized, according to the existing
scientific literature [1], that most results in the field of forecasting
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with social media data claim to have produced predictive results to
some extent, registering a positive statistical correlation between
offline and online data. However, several scientists have criticized
these results, which draw up a fundamental limitation to these
works that is linked to the lack of sociological representativeness
of the populations recorded on social networks [15]. Though,
dismissing social media data on this ground would fail to capture
the opinion forming dynamics. Some studies have even argued that
representativeness search is no longer consubstantial with the need
to sample populations in the big data era. The arguments put
forward in this wake point to fact that debates led by certain
politically active groups prevail over those who develop in society
at large [16], and that individuals active on social networks are
thought leaders, more politicized than average, influential in their
entourage and acquaintances and whose opinions count more than
those of "ordinary" individuals. To poll these opinion leaders
would indirectly mean polling their entourage and, ultimately, the
entire population. In addition, discussions on certain social
platforms would above all reflect the concerns and themes put on
the agenda by the mainstream media [17]. In many ways, the social
network appears to be an echo chamber for the media field, and the
associated media agenda would indirectly influence citizens'
concerns [18].

Regarding the diversity of methods used in measuring public
opinion, whether sentiment-based or social network-based
approaches, it should be underlined that there is no unanimity
about the most efficient methods in terms of prediction, and several
researchers have reported some performance with different
approaches and implementations.

Thus, and particularly in the category of sentiment-based
studies, where opinions tone is used as a behavior’s indicator, two
lines of research stand out in this context, one is based on pre-
established lexicas [19], while the other relies on new sentiment
models specifically for political messages [20].

Although concerning the dictionary-based sentiment
classifiers, some studies have criticized the reliability of these
approaches for predictions [21, 22], advancing in this regard some
deficiencies such as the incorrect classification of the word in the
lexicon, the lack of words disambiguation, and the neglect of
contextual inference. Imperfections that are more accentuated in
the socio-political context, with the emergence of difficulties
especially linked to the lack of subtleties of socio-political
language [23].

Through this literature review, it is seen that the majority of
research has focused on the electoral and public opinion forecasts,
without identifying and analyzing the reasons behind these
opinions development, problematic that the present work is
concerned with. In addition, there are two more obstacles that we
will overcome in this paper, firstly by using a data source other
than Twitter, Facebook in this case, and secondly by comparing
our results with those of a declarative survey [24].

3. Methodology and Experimental Results

As previously announced, this research aims precisely to
support the predictive interest of data extracted from Facebook.
This involves, on the one hand, developing algorithm to analyze a
very large amount of messages with socio-political connotation in
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order to identify their polarity and target and, on the other hand, to
compare these information to opinion poll statistics so as to better
grasp similarity degrees between online and offline opinion
dynamics. For this, we will consider the same period covered by
the public opinion survey ‘The Arab Barometer’ [24] conducted in
Morocco from May 7 — June 11, 2016.

Data collection has been made using ‘Rfacebook’ (a package
that provides a series of functions that allow R users to access
Facebook’s API to collect public status updates that mention
specific tags). Therefore, and in order to cover a very large sample
of socio-politically concerned Moroccan Facebook users, the
choice has been made so as to extract both messages and comments
written in French or Arabic, even dialect. On this register, we admit
that debate around socio-politically charged issues is also, if not
largely, done in the mother tongue and that disregarded
educational level, people remain always sensitive to socio-political
themes and use informal language to take part in the debate.

Therefore, and to test our approach, we have looked at two
socio-political issues: (I1) ‘opinions about politics’ and (12)
‘perceptions of freedoms’. For the first theme, we have collected
data (posts and comments) corresponding to the following queries:
‘politique’, ‘gouvernement’, ‘politique gouvernementale’, ‘“4ula’,
‘A &a’) and ‘AesSall AL’ The second theme was examined
using three tags: ‘libertés’, ‘4, and ‘b s,

3.1. Sentiment analysis

It would be necessary before approaching the opinion mining
phase, and in the ultimate objective to recover pure personal
opinion, to operate some text preprocessing and cleaning steps:
stemming, removal of URLs, punctuations, stopwords, screen
names, special caracters and duplicate comments.

For sentiment analysis, two approaches will be used, one
reserved for data written in French and the other for those
formulated in Arabic or dialect language. For the first category, the
choice focused on the use of Carousel greedy algorithm with Cat
Swarm Optimization based Functional Link Artificial Neural
Networks (CSO-FLANN), a technique for sentiment mining,
enhanced in term of accuracy and computational effort [25]. For
the other category of data, we used ‘SentiArabic’, a sentiment
lexicon package for standard Arabic [26] coupled with the
‘MADAR’ corpus, a collection of parallel sentences covering the
dialects of 25 cities from the Arab World [27], and for our case we
choose the package relating to the Moroccan city ’Fez’. Using
these tools, we found 1.15 million positive, 1.48 million negative,
and 3.37 million neutral posts and comments for the first issue (I1)
‘opinions about politics’, and 2.58 million positive, 6.02 million
negative, and 4.4 million neutral posts and comments for the
second issue (12) ‘perceptions of freedoms’.

3.2. Inferring Topics

Our approach focuses on detecting the main reasons behind a
positive or negative impression expressed by Facebook users on a
given theme.

Unlike the Latent Dirichlet Allocation (LDA)-based models,
which are relatively inefficient in short text processing, where they
generate a high dimensional and sparse data problem [7], we opt
here for a model called HMBTM (Heat Matrix based Biterm Topic
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Model), based on Biterm Topic Model (BTM) and improved by
introducing the heat matrix. This is also merged with VSM (Vector
Space Model) for counting similarities, thus inducing accuracy
improvement and dimensionality reduction [8]. Applying an
implementation of VSM- HMBTM to reveal the topics from the
set of negative posts and comments for the first issue (I1), and from
the set of positive posts and comments for the second issue (12),
and using thereafter Maximum Likelihood Estimation (MLE) [28],
906 topics were selected as the optimum number of topics for the
first issue (I1), and 798 for the second issue (I2). We admitted here
that people express their agreement with positive sentiments as
they express their critical positions with negative sentiments.

By examining the most used terms, and despite overlaps and
similarities between several themes, we try to assign a unifying
label in order to bring together the most relevant subjects. For
example, we have assigned for the second issue (I12) ‘perceptions
of freedoms’, the label "freedom of association" to topics
containing:  joint associations, civil associations, civil
organizations... and the label “political participation” to a set
including the terms: political parties, free election, partisan

activities. ..
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Senfiment analysis

French data Standard and Dialectal Arabic data
Carousel greedy algorithm with Cat
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Figure 1: The construction process of our approach

We adopt the same process for the first issue (I1) ‘opinions
about politics. By examining the main related words such as those
in Table 1, we agreed to assign a label based on the most relevant
dimensions. For example, we reserved the label “complexity of
politics” to topics containing: blurry political landscape,
multiplicity of political concepts, number of political parties...
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Table 1: A Sample of First Issue’s Topics

Complexity of politics Government not concerned
with citizens

multiplicité opportunisme

innombrable détachement

il YLy

g JL,.'S..:\

Freedom to criticize the | Obligation to support the

government government

reproches soutien

critiquable supporter

s s

S PEN B2l

The construction process of our approach is illustrated in
Figure 1.

Subsequently, we explore the distribution of labels to get an
idea of the topics’ distribution and weight for Facebook users.
Therefore, Figure 2 represents the rates corresponding to the four
relevant subjects that emerge from the analysis, compared to those
established by of a declarative survey [24]. Obviously, the values
have been scaled given the difference in measurements and scales
adopted in each situation.

hilm

Obligation to Government
support the not
government concerned

with citizens

Freedom to
criticize the
government

Complexity
of politics

m Declarative survey Our approach

Figure 2: Distribution of First Issue’s Topics

Freedom of association Political affiliation Express opinions Participation in protests

® Declarative survey Our approach

Figure 3: Distribution of Second Issue’s Topics
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For the second issue (I12) ‘perceptions of freedoms’, four topics
were the most salient: freedom of association, political affiliation,
express opinions and participation in protests. Figure 3 compares
the weight of these topics to that resulting from the declarative
survey [24].

4. Discussion and Conclusions

We have presented a research approach whose objective is to
compare the results obtained via two techniques for measuring
opinions: the declarative survey, on the one hand, and the analysis
of messages published on Facebook, on the other hand. The work
sought to situate the data produced by computational methods in
relation to the results obtained by surveys. Although the current
results do not release certainties, but it appears that, our approach
opens up promising horizons, in the sense that it provides very
indicative results about the configuration of future declarative
surveys results, particularly when the latter are costly in time and
even materially. The results presented through this research
demonstrate the potential of data extracted from social networks to
provide basic and essential information about public opinion
dynamics.

However, the results as they stand confirm the observation so
much raised by several researchers, indicating that the analysis of
social networks would not replace, at least now, public opinion
studies based on conventional polls [14]. Nevertheless, it offers
indicator data and informative tools to refine our assimilation of
public opinion and socio-political behavior. It also opens up
perspectives for better capturing indicators relating to engagement
and trends measurement, and assessing by the way, the feasibility
of many promises in terms of renewing mobilization practices in
socio-political field.

One of the possible openings of the present work is to diversify
the platforms of data extraction, something that could play, in our
point of view, a crucial role to improve the analyses precision.
Broadening the base of opinionated data would undoubtedly
amount to increasing the representativeness index, so much
criticized in this area. One of the concerns that are shaping up
recently is the future unavailability of social networks data when
the confidentiality of private life is increasingly questioned. End-
to-end encrypted messaging applications are attracting new users
every day. Social platforms further restrict access to user data to
ensure confidentiality of privacy or simply for purely commercial
reasons.

One of the possible directions of research is also the one linked
to the following question: does not reasoning in terms of positive
or negative tones lead to neglecting an essential dimension of the
analysis of socio-political messages on social networks, namely
the strong majority of messages considered neutral (something that
can be seen from the results above)? This leads us to question the
silence or neutrality of users and to apprehend its socio-political
significance, which would constitute a major issue for future
promising research.
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