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1 Extended Abstract
Nowadays, Online Social Networks (OSN) play an important role in data analytics thanks to their ability to capture a massive amount of interactions
between individuals. They can be represented by graphs with people as vertices and their interactions as weighted and directed links. They usually exhibit
scale-free properties [3] and allow the detection and the study of communities
[5, 9, 11] to better understand the roles and behaviours of users.
However, for a detailed interpretation of some phenomenons, it is also
necessary to adopt a broader view by studying communities themselves and
their interactions. An example of phenomena is polarization, defined in social
sciences by Isenberg [8] as the process whereby a social group can be divided
into two opposed sub-groups having conflicting and contrasting positions on
a given subject, with few individuals remaining neutral or in an intermediate
position.
In our contribution [7], we propose new tools to detect polarization traces
and to study community boundaries [4, 6] on graphs extracted from OSN (more
particularly from Twitter). Our proposal extends Guerra’s work [6], formalized
for undirected and unweighted graphs. Because human interactions are not
necessarily symmetrical and a lot of contextual information is contained in link
direction (source/destination), we decide to exploit this feature in addition to
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weights, which allow a better granularity by quantifying the strength of the
connection. Using the same original idea, we want to obtain a more precise
tool, better suited to real data extracted from OSN.
Just like Guerra’s, our method exclusively uses a structural analysis. We
do not exploit any Natural Language Processing (NLP) or Sentiment Analysis
method in order to overcome the language barrier and spelling approximations,
unlike Alamsyah and Adityawarman’s proposal [2]. Contrary to Morales et
al. [10] and Al Amin et al.’s [1] methods, our analysis also does not need any
additional domain knowledge.
Our method takes a graph decomposed into communities as an input and
produces a more detailed structure of each community with two different areas: internals and boundaries. They are built and populated for each pair of
communities with different users according to formalized structural properties,
intuitively described as: 1) internals, are sets of nodes without any neighbour
in the other community; and 2) boundaries, are sets of nodes with at least
one neighbour located in the other community and another one in the internal
area of their own community.
Interactions between community areas can be used to assess antagonism,
on the assumption that more an individual is involved in his community, more
likely he is committed to the group opinion, and so more likely he will be
vehicle for antagonism. Thus, we estimate this value by calculating the internal interactions ratio for each node located in a boundary area. The method
produces a matrix containing the average antagonism score in boundaries for
each pair of communities.
Based on our formally defined boundaries, we propose a new measure: the
porosity of boundaries, which is a rate estimated from the number of nodes
having at least as much interactions with the other community as with the
internal area of their own community. This measure can be used to comment
on cohesion inside a given group.
We also supply an algorithm and an open source implementation in R1 to
compute the different areas (internals and boundaries), the antagonism matrix
and the porosity of boundaries from a weighted and directed graph. The algorithm uses an intermediate data structure called the Structural Matrix which
allows to reduce the algorithmic complexity by precomputing each vertex role
within its community compared to each other.
Finally, we apply our method and run through a way to interpret its results on a case study. We look for polarization in a corpus containing more
than 9 millions tweets related to COVID-19 vaccines. Among the detected
communities with the Louvain method, we highlight the absence of a welldefined anti-vaccine group whereas pro-vaccine users stand out in their own
community. We suggest this could be an indicator that anti-vaccine users either don’t share too much their opinion on Twitter or split themselves on
different communities with other concerns, for example anti-government ones.
1
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Fig. 1 Overview of communities rivalries in our case study.

We also point out the omnipresence of conspiracy hashtags inside all the
communities main topics, such as #GreatReset, #BlanquerMent, #Plandemie,
#ComplotVaccinObligatoire or #JeNeSaisPasJeDemande. 2 This observation
is pretty surprising considering the fact that no keyword used to build the
corpus mentions or refers to any conspiracy theory and underlines a likely
mistrust in the COVID-19 vaccination campaign in France.
Even if there is no anti-vaccine community to be polarized with the provaccine one, the antagonism values allow to detect polarization with the community supporting alternative medications to treat the disease. Finally, we
introduce the hypothesis that boundary porosity could be used to measure
how much a community as seen by a graph mining algorithm is close to a
social community.
Overviews like the one presented in figure 1 can be used to highlight results
of case studies. Each diamond represents a community. Shapes have proportional size according to: 1) community size for diamonds; 2) porosity value
for light grey borders; and 3) antagonism score between communities pair for
arrows. This kind of view allows analysts to easily interpret values returned
by our method, for example to quickly identify communities relationships and
rivalries or to compare porosity values between groups with different sizes.
In a near future, we plan to run more experiments on real data to confront
our method with other subjects and problems, leaning on the interdisciplinary
project Cocktail3 . We also are working on extensions to handle overlapping
communities, to better develop and use the porosity concept and to integrate
our algorithm in a complete analysis workflow of communities in a graph. More
2 #GreatReset, #BlanquerLies, #Plandemic, #MandatoryVaccineConspiracy or #JustAsking
3 https://projet-cocktail.fr/
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experiments will also be done to precisely estimate the algorithmic complexity
of our method.
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