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ABSTRACT

Chrysoula Terizi, M.Sc. in Data and Computer Systems Engineering, Department of
Computer Science and Engineering, School of Engineering, University of loannina,
Greece, February 2021.

Longitudinal Study of Polarization in Social Media Platforms.

Advisor: Evaggelia Pitoura, Professor.

Over the last decade, there has been an increase in the number of users who partic-
ipate in various discussions on social media; discussions on political issues, sports,
religion, etc. Therefore, their participation in controversial topics of discussion is quite
common. There is controversy, if users disagree on a topic of discussion and there ar
several extreme points of views. The occurrence of polarization in the network is also
common. There is polarization if there are two diametrically opposed points of views
and users are divided into two communities where either there is no communication
between them or when communication exists, it expresses disagreement.

In this thesis, we study controversy and polarization in Reddit. Reddit classifies
the topics of discussion into categories namely, subreddits or communities. We in-
vestigate the following research questions: Is there controversy or polarization inside
a community (intra—polarization), or between two or more subreddits that discuss
the same topic (inter—polarization)? Does controversy increase polarization, i.e., are
controversial posts more prone to polarization than non—controversial ones? What
are the common motifs of user interaction in the comments of a discussion in the
case of controversial and non—controversial posts?

To address these questions, we exploit the structure of the user interactions. Specit-
ically, we construct aggregated user conversation graphs (AUG), whose nodes are
users and there is an edge between two users if the corresponding users responded

to each other. We study both unsigned AUGSs and signed AUG's where the sign of an

xiii



edge is induced by the controversy score of the comments (a plus sign on an edge ex-
press agreement and a minus signed disagreement between the two users connected
by the edge). We apply various algorithms that quantify controversy and polarity in
a network, including algorithms based on random walks, embeddings, betweenness
centrality of the edges and eigenvectors of the adjacency matrix of the AUG graphs.
Finally, we analyze the most frequent motifs in AUG and in discussion graphs.

We apply these algorithms to discussions in Reddit about four current events.
We find that there is some degree of (unsigned) inter—polarization across subreddits
expressing different sides on the event, which is more evident in the case of contro-
versial posts. We also find some degree of intra—polarization in the signed graphs.
Finally, the discussion motifs are similar in both controversial and non—controversial

posts.
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EXTETAMENH IIEPIAHWH

Xpvoovra Tepln, A.M.Z. ot Mnyovixn Acdopévwy xal YTOAOYLOTIXWY ZLOTNUE-
Ty, Tpnua Mnyavixody H/Y xow ITAnpogopixrg, IloAuvteyvinn XyoAn, [lavemiotiuto
[wavvivwy, PeBpovdpLog 2021.

MeAétn TOAWONG O TTARTPOPUES XOLYWILXNG OLXTOWOYG.

EmBAénwv: Evayyeiia [Iitovpd, Kabnynroto.

Trnv teAevtoio dexoetio, €xel TapatnEndel pio oadEnom tov TANHoLS TwV XENCTWY
TTOL CLULUETEYOLY EVEQYE OE OLAPOPES GULNTNOELG OTA UECO XOLYWILXNG OLXTOWOYG.
Yulntoetg oL omoleg eite oyetilovtol Ye TOALTIXG {nTuaTo M LE TOV abANTLOUS
elte axoun xot pe v Hpnoxeia N Tor SIXOLOUATO TWY YOVOLXWY XAl TWY ov3pWY
OTNY ONUEPLYN ETTOYN XAT. ETopévwe, 1 ovupetoyn toug o Bépata oulntmong to
omola yapoxTNEllovtol e au@LAsyopeva amd v TAstdhneia elvar TOAD mhovy.
"Eva 6épo oulntnong Bewpeitar apgtAsyouevo dtay oL XPNOTES OL OTOLOL CUULUETE-
YOLY OTNY oLINTNOY SLAPWYOLY XOL LTIAPYOLY TTOAAEG axpaleg amodels. Emiong, N
EUPAVLOY TTOAWOYG OE €V BIXTLO EVOL ETILONG PXETA GLYVY] OE TTEPLTITWOELS AUUPLAE-
Youevwy Bepdtwy ovltnong. Aéue 6T eppaviletar TOAWON o €var 3iXTLO XENOTWY
eav LTTEPYOLY VO dLapeTELXd avTibeteg amddelg xat oL xPNoTeg ywpeilovtotl o V0
XOWVOTNTEG OTTOL ELTE JEV LTTAPYEL ETLXOLVWVLOL UETOED TOLG Ei{TE HTOY LTTAPYEL ETTL-
xowwvior OMAKYEL Stapuvio.

Xty tpé€yovon SLaTELPY, UEASTAUE TNV avixvevon SLOUEYNG XAl TTOAWOYNG OTO
Reddit. To Reddit eivar éva €idog xotvwvtxng Sixtdwong pe popen forum, dnAadn n
xOPLAL EVEQYELO TWY YENOTWV ELVOL VOU OAANAETILIPOVY LETOED TOLG UEDL TWV OTTO-
VTNoEWY TOouG. Axdun, To Reddit takrvopel ta OEpata oulntnong o xatnyopies, Ta
omoio ovopdllovtor subreddits. Apa, pta ostpd omtd EPELYNTIXE EQWTAUATO CVOL-
TTOOOETOL TTPOG UEAETN XaL otLTA Elvot Tow €ENG: YTTAEYEL SLophdym 1 TOAWOT OE pLo
xowdtnTa (E0wTePLn] TOAWON) M LETOED V0 N TEPLOTATEPWY XOLYOTATWY TTOL GLLY}-

TovY 10 (3Lo Bépa (eEwTepLxy TOAwom); H OopEn Stoudyng awEdvet xow Ty VTtopEn
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TOAWONG UECO OTO OIXTLO; ONAASY, OL OUELAEYOUEVES OVOOTNOELS ELVOL TILO ETTLO-
pemelc o MOAWON OO TG UN opeLoPnTodpeves; Mmopody vo aviyfevbody xotvé
notiBor oTOV TPOTO OXAANAETTISPOOYG TWY XENOTOY GTo OYOAL [Log oLINTNONG OF
TEPITTTWON OUPLASYOUEVWY XAL U1 OLPLAEYOUEV®Y ONUOCLEVTEWY;

Mot ™Y oVTLLETWOTLOY OVTWY TWV EQWTNOEWY, EXUETAAAEVOUOOTE TY] COUN OA-
AAETTLPAONG TWV XENOTWY UECO OTLG CULNTNOELG. LUYUEXPLUEVD, XOTAOKEVALOVUE
OUYXEVTPWTLXE YPOPALOTO GUYORLALOG XENoTWY (AUG), Twv omolwy oL xéufot eivor
YONOTES %o LTLAEYEL ptar ovVdeon (oxpr) LeTaED 300 YPNMOoTWY €4V oL awTioTOL 0L
XONOTES avTaoxplinxay o €vag atoy aAho. Meietape dvo eidn AUG ypoapnudtwy,
un mpoonuoopéve. (unsigned) AUGs xow mpoonuoopéve. (signed) AUGSs, émov to
TEOONUO GTNY oLVIEST TTPOXVTTTEL Ortd TN Bodporoyio Stopwviog Twy oyoAimwy (éva
oVPLoA0 “+7 INABVEL ovpELYio xot “-7 INAWVEL SLoPwyio LETAED TwY dVO YENOTWY
oL oLYSEoVTOL Ol T ovVdeom). ‘Ererta, spopuolovue dLépopovc alyopLBp.ovg
TTOL TTOCOTLXOTTOLOVY TN SLOULEYN HOL TYY TTOAXOTN T OE Vo OlXTLO, GLUTIEPLACULBo-
YOULEVWY aAyoplbuwy ou Baotlovtal os Tuyaieg SLASPOUES, AVATTUPATTUON YOAPLWY
o€ YOUNAOTEPN OLAOTAOY, XEVTOLXOTNTO OXUWY XOL LOLOSLOVOOULOTO TNG UNTEAG YEL-
Toviog Ty yoopnuatwy AUG. Télog, avoalbovpe tor o cuyvé potifa ose AUG
YOOPNLOTA RO OE YOOPNLATO GULNTNOTG.
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Greece, Turkey xot Islam. To Sedtepo Oépa ovlntTnong mpocpyetor amd TNy ov-
Yxpovon yio. v Teptoy Noyndpvo—Kopopumdy LEToED Twy xwpwy Apueviog ot
Aleppmontlav. ETiAéyovpe voo xEAVOLUE TNY OVAAVGY LETAED TwV XOLVOTTWY Arme-
nia, Azerbaijan xat Turkey. To tpito aptieydpevo Béua ovlntmong oxetiletor pe
NV OVEEEAEYXTY AOXNON OVTUVOULXNG Plog O0TNY AUEQLXY] XOL CUYXEXPLUEV, UE TNV
ovbpwmoxtovia evég Appoauepindvov Tporyovdlaty ovopott T{optl OASLYTOTIS AUTtd
gvay AeLXO oo TLYOULXO ovopoTt NTtépex XOBLy. Ot xovoTNTEG TLG OTTOLEG ETULAEYOLILE
vo avarhboovpe elvar oL e€vg Unpopularopinion, Bad_Cop_No_Conut xow BlackLives-
Matter. TéAog, évar apxetd TEOCEOTO BEpor oLINTNONG TO OTTOLO PEYPL XAL ONUEQO
Boloxetar oto emixevytpo TwyV ovlntocwy eivar yioe Ty Tovdnuioe COVID—-19. Ou
XOWOTNTEG XPNOTOY TTov peAetnOnxav eivar ot China_Flu xow Coronavirus.

Me ™y 0AOXANPWON TWY TELPAUATHY TTOL SPORLOAOYN MUY Xol LAoTTOLMONXOY *OoK-

XVvi



TOAYOUUE OE XATTOLO. GUUTIEQAOUOTO. LUYXEXQLUEVD, OLATILOTWVYOLUE OTL LTTAPYEL
xémotog Pabudg (unsigned) eEwteptnig TéOAwONG petakd twy subreddits wov exQEd-
Covy SLaoPeTIXEG TTASLPEG GTO GLUPBAY, XATL TTOL ELVOL TILO ELPOVES OTNY TEPITTWON
OPPLAEYOUEVWY OMpooteboewy. Bpioxovpe emtiorng, xamoro Babud ecwtepinng moAw-
07¢ 0€ TPOOULOOUEVL YoopNuoto. TEAog, pLotifo Tov TPoXHTTOLY Ot TNV AVAALOY
™G AAANAETSPOOTG TWY XENOTWY P€oa o Lo oultnon elval ToEOUOL. TOCO OF

OUPLAEYOUEVES OGO XL OE UM OLPLASYOUEVESG ONUOCLEVTELG.

Xvii



CHAPTER 1

INTRODUCTION

1.1 Motivation
1.2 Obijectives of the thesis

1.3 Outline of the thesis

1.1 Motivation

During the last decades, millions of people daily interact with their fellow human
beings and express their views and feelings on a variety of topics, such as politics,
economy, religion, education, travel, entertainment, sports, music, climate change and
men’s and women'’s rights, via social media platforms e.g. Facebook, Twitter, Reddit,
Instagram, etc. As expected, during a discussion between individuals different aspects
of views have been observed. These different aspects can be either for, against or
neutral to the topic of discussion. For instance, in the case of United States presidential
election 2020 topic of discussion there are two opinion sides, one in favor of Donald
Trump and the other in favor of Joe Biden.

This tendency of people leads to various negative social phenomena within a
network, such as polarization and controversy. These phenomena, polarization and
controversy are identified and used in the same sense by users. However, by defini-
tion they differ and are expressed in dissimilar ways by the users. The definition
of the term polarization based on the Cambridge dictionary and [1, 2] is the fact of

people or opinions being divided into two opposing groups. In social platforms, this



could be detected within a community that is, users within a community disagree
and two opinion bubbles are created, or cross two communities that is, the users of
each community communicate positively with other members of the same commu-
nity (intra—polarization) and negatively or not at all with members of the opposite
community (inter—polarization). Also, the definition of the term controversy based on
the Cambridge dictionary and [3, 4] declares a lot of disagreement or argument about
something, usually because it affects or is important to many people. In other words,
there are many extreme views on a topic of discussion. In social platforms, this dis-
agreement can be expressed through the existence of many comments of different
perspective on the same topic of discussion.

Why is it important to study this kind of social phenomena? Identifying contro-
versial topics is useful for exploring the space of public discourse and understanding
the issues of current interest. Furthermore, knowing how much controversy is a topic
of discussion, more targeted recommendations systems can be constructed that foster
a healthier “news diet” on social media. Moreover, given the ever increasing impact of
polarizing figures in our daily politics and the rise in polarization in the society, it is
important to not restrict ourselves to our own “bubbles” or “echo chambers”. Hence,
focusing on the problem of detection and analysis of controversy and polarization
on social media can be used as building blocks for designing such systems to reduce
polarity on social media by connecting social media users with content outside their
own bubbles.

Thus, a number of recent studies of these phenomena have focused on the problem
of quantifying and identifying polarity and controversy in social media mostly based
on textual analysis [5, 6, 7, 8, 9, 10, 11, 3]. Some studies approach the problem
in a different way and independent of the text. These studies rely on the global
network structure [12, 4, 2, 1, 13, 14]. That is, the authors try to determine how
polarized a network is just looking how users are connected to the network and
when they interact. Another approaches exploit the presence of network motifs, i.e.,
local patterns of user interaction [15, 16]. Also, some recent researches combine the
network structure and the content of the text [17, 18, 19, 20].

As it is an active field of research to date, we identify some limitations in these
studies. More specifically, the majority of studies work on specific social networks i.e.,
Twitter is the most commonly used social media. So, a reasonable question would

be whether the algorithms and techniques proposed for Twitter can be applied to



other social networks that do not have the same structure as Twitter, such as Reddit.
Moreover, the quantification of controversy and the detection of polarized groups is
based on algorithms that use static graphs and not temporal graphs. Therefore, it
would be interesting to study the impact of these algorithms on temporal graphs as
well. Last but not least, due to the identification of the two terms polarization and
controversy, we would like to study if there really could be some identification, i.e. if

a conversation is controversial then polarization is expected in the network.

1.2 Objectives of the thesis

In this current thesis, we make a longitudinal study of polarization and controversy
in Reddit platform. Why did we choose Reddit platform and how it differs from
Twitter?

Reddit vs Twitter. Twitter and Reddit are websites that collect news in the form
of posts. But Twitter is only a microblogging and social networking service website.
They tweets tweeted need not always be true. On the other hand, Reddit is a social
news aggregation website where there are content rating and discussion services. The
segregation and maintenance of the posts are also different for the two. In the case
of Reddit, the posts are voted on by the users depending on the importance of the
news or message being delivered. They are then arranged on the website on votes.
Whereas on Twitter, the tweet needs to be trending for one to be able to get the post.
The trending ones need not always be important. The pattern for the following is also
different for the two websites. One only needs to follow a “subreddit” or “community”
related to the topic, such as news, politics, science, sports, etc., that they are searching
for news for in Reddit and it would only generate the posts related to those topics
in the feed. The news would reach much faster. In the case of Twitter, you need to
follow an individual or a group. If you need tweets related to music, you will have
to follow the artists itself. Twitter users can tweet, retweet and like the posted tweet.
On the other hand, Reddit users can create, comment and vote positive or negative
on others’ posts and comments.

At this point, we have a first sense of the differences between these two social
networks, Reddit and Twitter. Therefore, we choose to study some algorithms for de-

tection and quantification of polarization in Reddit. Initially, we need to clarify how



we define polarization in Reddit forum. As already mentioned that the submissions
in Reddit are organized in “subreddits”, we define a general definition of polarity
and afterward two sub—definitions of this namely, unsigned and signed polarity ei-

ther within a specific “subreddit” (intra—polarization) or cross more “subreddits

(inter—polarization).

¢ Polarity. People or opinions are divided into two opposing groups of individuals
or sights. Either there is no communication between them or if it exists, it

declares dispute.

e Unsigned Polarity. There is unsigned polarization within a community (intra
— polarization) if members of the community are divided into two groups with
opposing views on a specific topic of discussion and there is no communication
between them. Also, there is polarization cross two or more communities (inter
— polarization) if there is no connection between the members of communities

in which users discuss the same issue.

e Signed Polarity. There is signed polarization within a community (intra —
polarization) if members of the community are divided into two subgroups with
diametrically opposed viewpoints. Users within each subgroup agree with each
other and a positive thinking prevails while there is no interaction between users
from the other subgroup. In the case of interaction cross subgroups, we assume
that the connection declares disagreement. Disagreement can occur either using
downvotes or controversial text. Furthermore, there is signed polarization cross
two or more communities (inter — polarization), if the members within each
community agree between them and disagree with members of the opposite
community. Note, we assume that only one kind of opinion prevails in each

community.

In this current study, our main aim is to verity if controversial topics of discussion
in real world retain their polarization in the world of social media. As already men-
tioned above, we consider the problem from two points of views, intra — polarization
and inter — polarization in Reddit. Therefore, the three main queries that will be

answered follows,

* RQ1. Is there polarization within a subreddit or cross two or more subreddits?



* RQ2. Does controversy increase polarization i.e., are controversial posts more

prone to polarization than non—controversial ones?

e RQ3. What are the common motifs of user interaction in the comments of a

discussion in the case of controversial and non—controversial posts?

At first, our approach focuses on the structure of the network and it consists of
several stages. The initial and most important stage is the generation of a user graph
from one or more communities who talk about a common theme. So, we build an
aggregated user conversation graph AUG where vertices indicate users and edges in-
dicate connections between users. Afterward, we apply five proposed algorithms that
quantify the unsigned structure polarity in a network [12, 1, 21] without considering
the type of interaction between users, i.e., if they agree or disagree. Moreover, we mea-
sure polarity in signed networks applying five proposed algorithms by [2]. As there
are references that the network motifs can determine whether a topic of discussion is
controversial or non—controversial, we also study the existence of specific temporal
motifs in the network [16]. Our approach also looks for motifs in the structure of the

discussions. At the end, a case study of content analysis has been accomplished.

1.3 Outline of the thesis

The dissertation contains 8 chapters. In Chapter 2, a brief description of the existing
literature studying the problem of polarization occurs. After that, the description
of the main problem is presented in Chapter 3. Chapter 4 follows in which the
explanation of the graph construction steps are given. Next, Chapter 5 makes an
introduction to all the algorithms with which unsigned (Section 5.1) and signed
(Section 5.2) polarization is calculated. In addition, the pseudo—code for each one of
them added. Chapter 6 follows in which the general methodology of our approached
mentioned. Afterwards, the process of collecting and initializing hyperparameters of
the algorithms is marked out in Chapter 7. Subsequently, Chapter 8 discusses the
main findings of the research queries. Finally, Chapter 9 indicates the conclusions

and some future improvements.



CHAPTER 2

ReELATED WORK

2.1 Controversy and polarization in unsigned networks
2.2 Controversy and polarization in signed networks
2.3 Analyzing text

2.4 Mining network motifs

2.5 Conflicts in Reddit

The study of polarization and controversy in online social media has been expanded
by many aspects. There are many references focuses on the connection of users within
the network. Equally numerous are the studies which look at the type of interactions
in social networks. These studies catch up on signed networks where the sign of
an interaction is induced either by user opinion and can be friendly or antagonistic.
Other approaches reach the problem either from mining motifs from the network or

analyzing the meaning and significance of the text.

2.1 Controversy and polarization in unsigned networks

The dynamics and consequences of polarization in human groups have been studied
for decades. The political leaning explains behavior patterns in the adoption of posi-
tions. The flow of information between different groups leads to conflict in [22]. The

study by [23] showed that users who shared the same political orientation interacted
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more and cited more the contents of those users. On the other hand, the interaction
between groups with different points of view was low. The need to quantify the im-
pact of the conflict in social networks led to a sequel of works whose objective was
to improve the understanding of this phenomenon.

Similar conclusions have been drawn by [1] where the authors claim that the
controversy is related to the level of interaction between influencers with opposite
views. Using hashtags to retrieve the network of retweets of a particular topic, they
have proposed the use of graph partition algorithms such as METIS ([24]) to detect
communities with opposing views. They proposed a metric based on random walks
that quantified the level of coupling between two partitions and detecting controversial
and non—controversial topics of discussions in Twitter. A case study of Venezuela
([21] confirms that just a small group of influential individuals propagating their
opinions through a social network are needed to produce polarization.

In addition, [12] showed that the use of modularity was not useful to detect
polarized communities since non—polarized networks could also be partitioned us-
ing modularity. They observed that polarized communities had a more significant
presence of high degree users in their boundaries, and therefore they introduced a
metric that quantified the presence of highly connected nodes at the boundaries of
the candidate communities. Also, [1] noticed that betweenness centrality of edges can
detect polarized groups in a network. They claim that if users are well—separated in
network then betweenness centrality of cuts edges differ from the rest of the network.

Moreover, a metric based on cluster cohesion is proposed using GENE graph
representation which is able to segment the user network according to their po-
larity [19]. GENE framework is based on three main steps. Initially, a user—entity
model that allows to quantify the bias of each user with respect to the most common
entities appearing in the corpus is generating. Second step takes advantage of the
user—entity model to build a multi—relational graph. Using embeddings computed
from the graph, GENE generates a polarized network of intervening users in a dis-
cussion that involves specific entities. Finally, a third step analyses the interactions in
the generated graph, leading to the identification of controversy. Consequently, the
detection of controversy is more predictable at the beginning of an event, and as more

users intervene, the task becomes more complicated.



2.2 Controversy and polarization in signed networks

Signed graphs have been used to model interactions in social networks, which can be
either positive (friendly, accordance) or negative (antagonistic, dissent). [25] modeled
the political leanings of U.S. Congress members from their opinions on specific topics
using signed bipartite networks. They conducted a node labeling task on U.S. con-
gressional records, showing that the voting intent of the congressmen was predictable
from this model. Using techniques in duality theory and linear algebra, a local spec-
tral approach by [13] finds polarized communities that are related to a small set of
seed nodes provided as input. Seed nodes may consist of two sets, which constitute
the two sides of a polarized structure. Additionally, [2] a subset of the network ver-
tices is discovered in a signed network where two communities are polarized when
within communities there are mostly positive edges while across communities there

are mostly negative edges. The approach uses properties of signed adjacency matrices.

2.3 Analyzing text

In some studies, the detection of controversial topics of discussions focus on sentiment
and stance analysis [26]. The significant difference is that in sentiment analysis, sys-
tems determine whether a piece of text is positive, negative, or neutral. However, in
stance detection, systems determine author’s favorability towards a given target and
the target even may not be explicitly mentioned in the text. A case study of stance de-
tection [27] uses unigrams, initial g— grams (first n words of the sentence), comment
length and ECSD dictionaries created mainly for the purpose of entity—related polar-
ity detection. A polarity analysis framework for Twitter messages has been studied
in [28]. The knowledge base contains emoticons and sentiment—based words. They
label part of the messages to train a classifier such as Naive Bayes, SVM, KNN and
J48. Using Twitter as a starting point, the task of identifying controversial events is
investigated [3]. The authors claims that a two—step blended system performs best
with precision 95% in which a text analysis is applied in a set of tweets per different
time snapshots. The analysis includes linguistic, structural, sentiment and controversy

features from the tweets.



2.4 Mining network motifs

Identifying controversial topics is useful for exploring the space of public discourse
and understanding the issues of current interest. Thus, a number of recent studies
focus on the problem of controversy identification in social media mostly based on the
analysis of textual content or rely on global network structure. Such approaches have
strong limitations due to the difficulty of understanding natural language, especially
in short texts, and of investigating the global network structure. [15] shows that it is
possible to monitor the evolution of controversy in a conversation over time thus dis-
covering changes in user opinion. They observe that long trees with multiple branches
indicating the different threads of the discussions in controversial discussions. Also,
more engagement among users is detected in controversial content. Furthermore, [20]
claims that even when only a handful of comments are available discussion features
often add predictive capacity to strong content—and—rate only baselines. Leveraging
features drawn from both the textual content and the tree structure of the early com-
ments such as number of comments, time of first reply, max depth/total comment
ratio, average node depth, average branching factor etc., that initiate the discussion

can be applied for an early prediction of controversy conversations.

2.5 Conflicts in Reddit

Users of one community in Reddit are mobilized by negative sentiment to comment in
another community [18]. A model which combines graph embeddings, user, commu-
nity and text features achieves AUC of 76% and can be used to create early—warning
systems for community moderators to prevent conflicts. In the same direction, [4] ex-
tract inter—community (community — to — community) conflicts in Reddit by aggre-
gating users who behave differently depending on the community they interact with.
In two subreddits where users discuss the same topic through different ideologies (as
determined through text analysis) have very low author overlap. Also,subreddits that
target multiple others, will shift their main conflict focus over time. A rather different
and original approach to detect inter—community conflict in r/place subreddit has
been done by [14]. In r/place subreddit is a canvas where Reddit users can recolor
pixels on the canvas but is rate—limited to one such recoloring every five minutes.

They assume that conflicts between communities are expressed in the pixel place-
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ments of hundreds of Reddit users. The findings show that multiple communities are
involved in many conflicts and not one—on—one conflicts only exist.

A recent study of a large—scale characterization of Reddit users’ responses to the
COVID—19 pandemic has been investigated in [17] cross China_Flu and Coronavirus
subreddits. By comparing users’ activity and language usage, the authors observe an
increasing difference between them in many aspects. Notably, they look at overlapping
and common news articles, the founders of these two subreddits and check which
communities they came from before joining these two cimmunities, the keywords, the
most downvoted comments, and replies to moderators in each community. Finally,
they conclude that users in China_flu care more about China—related topics, generate
more racist comments, and are more likely to be active in other extreme communities.

A case study of Brexit discussions is investigating in [9]. Especially, they investigate
whether the stance of users with respect to contentious subjects is influenced by
the online discussions that they are exposed to, and by the interactions with users
supporting different stances that is, given the user description at the present time, the
purpose is to predict his stance in the future. The perspective looks at this problem as a
supervised machine learning problem using different predictive feature sets describing
user interactions with information diffusions such as, user activity, user activity per
stance, structure of diffusion etc. Moreover, they trained a model on Twitter data that
applied on Reddit training data set. Finally, the experiments show notably that the
opinions of the users involved in the same diffusions as him allow better to predict

his opinion than the content he exchanges.
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CHAPTER 3

PROBLEM DEFINITION

In the dissertation the general subject of study is the detection and quantification of
polarization in Reddit. Polarization within a network can be caused by controver-
sial topics of discussion. A topic of discussion annotated as controversial if there is
disagreement between users and more than one aggressive sights emerge during it
[3, 4].

Further, polarization can be defined based on the main idea of the problem being
studied each time. The general idea is that in a polarized network there are two opin-
ions about a conversation and the members participating in conversation are divided
into two disjoint groups. Particularly, [1, 12, 21] defines that there is polarization in
a network if the members of polarized groups are strongly connected with members
within their group and weakly connected with members outside their group. Based
on this idea, the strong connection signifies agreement and the weakly connection
signifies disagreement. Also, the quantification of polarization using this definition
needs only unsigned networks.

Another definition of polarization has been investigated by [2, 25, 13] . From
this perspective, two polarized groups reappear but not necessarily throughout the
network that is, there are two subsets of the network in which the members are
more polarized. Contrary to the previous definition, there is not only connection
between members who agree but there is also interaction between members who
disagree. That is, individuals from each polarized community communicate positively
with other individuals within community (intra—polarization) and negatively or not

cross individuals of the opposite community (inter—polarization). The polarization
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detection in this sense of polarization uses signed networks. In the most cases, a plus
sign between two users express agreement and a minus signed disagreement between
the two connected users.

In this current thesis, we need to define our own definitions of polarization.
Following the lines of the above definitions, we delimitate two type of polarization
namely, unsigned and signed polarization. These types of polarization can be either
intra (intra—polarization) that is, within a community or inter (inter—polarization)
that is, cross two or more communities. Our definitions of polarization are listed

below,

e Unsigned Polarity. There is unsigned polarization within a community (intra —
polarization) if individuals of the community are splitted in two subgroups with
opposing views on a specific topic of discussion and there is no communication
between them. Also, there is polarization cross two or more communities (inter
— polarization) if there is no interaction between the members of communities

in which users discuss the same issue.

e Signed Polarity. There is signed polarization within a community (intra —
polarization) if members of the community are divided into two subgroups
with diametrically opposed viewpoints. Users within each one agree with each
other and a positive thinking prevails while there is no interaction between
users from the other subgroup. In the case of interaction cross subgroups, we
assume that the connection declares disagreement. Furthermore, there is signed
polarization cross two or more communities (inter — polarization), if members
within each community agree between them and disagree with members of the

opposite community.

A summary of all the definitions is given in Table 3.1. Having presented a detailed
description of the basic definitions that the current dissertation uses, the next step is

an introduction to the questions that are scrutinized.

Overview of research questions. The general proposal of this dissertation is an lon-
gitudinal study of polarization in online social meida (for short OSN). Particularly,
the main aim is to verify if controversial conversations nowadays, equally lead social
users in two polarized bubbles in Reddit social platform. People of Reddit can par-

ticipate in discussions which are classified into categories (subreddits) based on the
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Table 3.1: Definitions of polarization and controversy.

Definitions

Description of definitions

Polarity

People in a network are divided into two non—overlapping
groups. There are two perspectives, one is adopted by one

group and the other one by the members of the opposite

group.

Intra—polarity

Polarization exists only within a community.

Inter—polarity

Polarization exists cross two or more communities.

Unsigned Polarity

People in a network are divided into two non—overlapping
groups. Members of one group do not communicate with

members of the opposite group.

Signed Polarity

People in a network are divided into two non—overlapping
groups. There is agreement between the members within
groups and disagreement cross the members of the two

polarized groups.

Controversy

There is disagreement between users participating in a
discussion. More than one extreme point of views emerge

during the discussion.

Controversial posts

A post is controversial in Reddit if the upvote rate is higher

than 0.62.

Non—Controversial

posts

A post is controversial in Reddit if the upvote rate is less

than 0.62.

respective topic. Therefore, our interest was inspired by this classification. That is, a

longitudinal study of polarization within and cross communities in Reddit. Having

this general idea as a guideline and combining it with what we mentioned in Chapter

2 i.e., Is intra or inter polarization identified by controversial topics of discussion in

Reddit?, we can detect polarization if it is based on the number of positive and negative

votes, upvotes and downvotes respectively? on controversial and non—controversial

dialogues do users tend to act in a specific way towards the other members of the

discussion? such as, if a person’s answer is negative from the public, will that person

continue to interact with the others in the conversation? etc. Therefore, at this point,

we set out the main queries of this thesis,

13




* RQ1. Is intra or inter polarization detected in Reddit?
* RQ2. Does controversy increase polarization?

e RQ3. What are the common motifs of user interaction in the comments of a

discussion in the case of controversial and non—controversial posts?

As already mentioned in Chapter 2, there are several publications that approach
the problem from different perspectives. These perspectives either look at the struc-
ture of the network, or at the view and stance of the individual, or at the content
analysis or at patterns. Therefore, our approach has been inspired by all these var-
ious techniques. Specifically, our approach is a 2—stage pipeline. In the first stage,
we generate an aggregated user conversation graph (AUG) either per community
(subreddit) or between more communities (subreddits) in which users discuss the
same topic. In AUG graphs vertices indicate users and edges indicate connections
between them. The connection either can be signed or unsigned based on the type of
polarization we study.

The next (second) stage involves algorithms which are applied to AUG graphs and
quantify polarization in a network or detect the two most polarized subcommunities
in a network. Especially, we apply five methods to quantify unsigned polarization.
The methods quantify the polarity in a network using the structure of the network.
The techniques are related to Random Walks [1], Betweenness centrality of edges [1],
Embeddings [1], Boundary Connectivity [12] and Dipole Moment [21]. Furthermore, we
apply five methods to quantify signed polarization and detect the two most polar-
ized groups in network where within groups there are mostly positive edges while
across groups there are mostly negative edges. The methods we work with have been
proposed by [2] and they look at the properties of signed adjacency matrices. Ex-
periments are performed with deterministic and random methods namely, Eigensign,
Random Eigensign, Greedy, Bansal and LocalSearch. Since works has shown that Ran-
dom Eigensign method is more promising on political debates, our study makes an
in—depth analysis of this method. Afterwards, as we also study motif detection in
graphs of controversial and non—controversial posts, we apply relevant algorithms
[16] to AUG graphs. Clearly, a more detailed description of graph generation and all

the above algorithms is mentioned in the following Chapters 4, 5 and 6.
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CHAPTER 4

GENERATING GRAPHS

4.1 Conversation Graph (CG)

4.2 Aggregated User Conversation Graph (AUG)

One of the most crucial parts of the thesis is the construction of appropriate graphs
from a set of data. Data for us considered the submissions (posts) in Reddit and
the users who participate in these. Two types of graphs are generated based on the
purpose of this current work that is, quantification of intra and iter either signed or
unsigned polarization in Reddit social platform. The first type of graph is a directed
conversation graph (CG) which can be generated per post. It is a representation of
the conversation in the form of a tree. The second type of graph is an aggregated
user conversation graph (AUG). The construction of an aggregated user conversation
graph (AUG) is not so simple. [1] concludes that the most appropriate graph structure
for quantifying polarity is an undirected graph G(V, E) where V are the vertices and
declare network users and there is an edge between two users if they have retweet
posts with similar hashtags. On the other hand, signed graphs [2] are necessary for
polarity detection. Therefore, the construction of a user graph using data from a
forum website such as, Reddit, is a challenge so far. To make it more clear, suppose
a set of discussions from Reddit platform which have the format shown in Figure
4.1. The construction of a CG graph for a post and an AUG graph for a set of posts

follows.
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Figure 4.1: Format of a discussion in Reddit.

4.1 Conversation Graph (CG)

CG(V, E) is a directed node — signed conversation graph with V' vertices and £ edges
for a specific post. The nodes declare comments/replies from the post. Each node can

[I3R4]

have either positive “+” or negative sign. The assignment of the signs is made as
follows: each comment has a score value that it, sum of the upvotes and downvotes,
if score is higher than zero (more upvotes) then the node sign is “+”, otherwise, if the
score is less than or equal to zero (the amount of upvotes and downvotes is almost

€

equal or more downvotes exist) then the node sign is “-”. Furthermore, there is a
directed edge (v;,v;) € E,i,j € V from node v; to node v, if v; is an answer to v;
comment. In addition, each edge (v;,v;) € E has a timestamp ¢, that indicates
the response time from v,. The structure of a C'G’ graph is a tree. In Figure 4.2, the
directed signed C'G' graph from the discussion in Figure 4.1 is presenting. The sign

of green nodes is “+” and “-” for the red ones.

4.2 Aggregated User Conversation Graph (AUG)

Initially, the general idea of the AUG graphs is to construct graphs from a set of
submissions related to a specific topic of discussion. That is, how to generate from
a set of C'G's a user AUG graph either signed single-edge and unsigned multi-edge.
First of all, we need to sort out the meaning of the sign. The annotation of a sign at

the edges of the graph deviates from the score of the comments in the discussion and
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Figure 4.2: Conversation Graph (CG) for a discussion in Reddit. Green color indicates

e

positive “+” comments and red color indicates negative comments.

not from the stance of the comments. For instance, consider the following comment

from the discussion in Figure 4.1,

“It is already open for prayer. Which doesn’t hurt the museum part. Let’s keep it
as is. Open in it up for Friday and Eid prayers. Also for Christmas and other main

Christian gatherings. I don’t see why all three functions can’t coexist.” Score: 7

The content of the comment can be either positive, negative or neutral based on the
topic of the conversation. The votes of the readers can annotate it either as positive,
negative or neutral. The comment’s score is 7 that is, readers considered it targeted.
We assume that this comment is positive and the contributed users agree. However,

in the case of the following comment,

“I did not read. Apparently, he was the leader of both Turkish and Armenian Catholics.”

Score: —5

Similarly, this comment could be either positive, negative or neutral based on
the topic of discussion. The readers did not consider it targeted and therefore voted
against it. We assume that this comment is negative and the contributed users dis-
agree. Having settled the matter of what we define as positive and negative comment,
we continue with the construction of AUG signed (or unsigned) graphs. An AUG
graph can be generated either for one (intra—polarization) or more (inter—polarization)

communities. In particular, an AUG graph is constructed using information from a
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Figure 4.3: Aggregated User Conversation Directed Multi-Edge Graph (AUG,) for
a discussion in Reddit. Green edges indicates agreement and red edges indicates
disagreement. (Note: The multi—edge are indistinguishable because of the tool that

has been used for ploting.)

set of posts that belong to one or more subreddits. Both directed and non—directed
signed (or unsigned) graphs are created for the needs of this thesis. Specifically, di-
rected signed (or unsigned) AUG, graphs used to extract motifs. Moreover, undirected
unsigned AUG, graphs are used to quantify unsigned polarization and undirected
signed AUG,, graphs are used to detect the two most polarized communities.
Initially, let AUG4(V, E) be a directed signed multi—edge graph with V' nodes and
E total edges. The nodes declare the users who participate in the discussions of the
subreddit(s). There is a directed edge (i, j) € E,i,j € V from node v; to v;, if v; replies
to v;. Each edge consists of a set of three features that is, (¢;;, scorepushshift, SCOT€praw)-
The t;; feature declares a timestamp that indicates the time at which the response from
v; added in the conversation. Next, scorepyshshife and scorep,q, features declare the
score of the comment from user v; to user v; for two distinct timestamps, the first one
using Pushshift API and the second one using Praw API (more details in Chapter 7).
So far, no sign has been assigned to the edges. Our AUG graph construction approach
is based on the idea of converting the comment’s score into a positive “+” or negative

(13 2

sign. If comment’s score is higher than zero then signpuysnshift Or signprayw is “+

[T

(positive) respectively, otherwise, if comment’s score is less than or equal to zero then

¢ 9

the sign either signpyspsnife OF S1gNpraw is ¢ (negative). Consequently, the final set
of three features of each edge has the following format (¢;;, Signpushshifts SiGNPraw)-
In Figure 4.3, we present an example of a directed signed multi—edge graph AUG

graph.
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Figure 4.4: Aggregated User Conversation Undirected Graph (AUG,,) for a discussion

in Reddit. Green edges indicates agreement and red edges indicates disagreement.

Following the same guidelines, we consider an undirected signed aggregated user
graph AUG,(V,E) with V nodes and E total edges. An AUG, can be generated
either for one, two or more subreddits. Similarly, the nodes in AUG,, graph declare
the users who participate in the discussions of the subreddit(s). There is an undirected
edge (v;,v;) € E between v; and v;, either v; replied to v; or v; replied to v;. Each
edge consists of a set of three features that is, (¢, Signpushshift, Si9npraw) Where t;;
feature declares a timestamp that indicates the time at which the response from v;
added in the conversation and signpysnshise and signp.q, features declare the edge
sign based on Pushshift and Praw APIs. Since the edges are undirected, the value
of features signpuspshipr and signprq, can be considered as a process of merging
directed multi—edges from AUG,; into an undirected edge. There are several merging
techniques (edge contraction process) in which someone can merge multi—edges into
an edge such as, random selection between multiple edges or select the first or the
last appeared edge from the set of multiple edges or combine the edge weights of
multiple edges into a single edge weight etc. This current work assumes the following
technique of merging multiple directed edges into an undirected one. If there is even

(X341

an negative edge (sign “-”) between two vertices, then the sign of the undirected edge
will be “-”. Moreover, timestamp t,; gets the value of the first timestamp of the edge.
In Figure 4.4, a representation of an AUG, graph presented. A summary of all the
generated graphs mentioned in Table 4.1.

At this point, we need to mention the difficulties during the AUG graph con-
struction process. In a discussion there are many comments that have been deleted

either by the users themselves or by the moderator of the communities. Therefore, we
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are faced with the manipulation of users who are not characterized by their unique
id but with a common characterization, that of deleted. Thus, “How should we handle
deleted users?” After experimental analysis, we concluded that removing them from
the network does not affect critical changes in our final results and therefore, we
end up ignoring them from AUG graphs. Furthermore, a second limitation is that
the final AUG graph may not be connected. Therefore, we work with the maximum
connected component from AUG,, graph and with the maximum strongly connected

component from AUG,; graph.
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Table 4.1: Summary of generated graphs

Symbols Description of symbols

Positive node “+” Node declares comments and indicated by plus sign “+”

it comment’s score is higher than zero.

[ 9

Negative node Node declares comments and indicated by minus sign

if comment’s score is less than or equal to zero.

CG(V,V*,V~,E) Directed signed conversation graph for each post where V'
are signed vertices (comments) and E are edges. If comment’s
upvote score is higher than zero then the sign is “+”, v € VT

[T

otherwise, v € V7. There is an edge between two vertices

if it is a response to another comment.

Positive edge “+” Edge (i, 7) declares that either i or j user replies to the other
one and indicated by plus sign if the score of the answer is

above zero. Agreement is declared.

(1341

Negative edge Edge (i, 7) declares that either i or j user replies to the other
one and indicated by minus sign if the score of the answer is

less than or equal to zero. Disagreement is declared.

AUG,(V. E) Directed multi-edge aggregated user conversation graph where

V are vertices (users) and F signed edges. There is a signed edge
between i and j user (i, j, tij, SigNpushshifts SIgNpraw) if @

replies to j at ¢;;. The sign can be “+” (agreement) or “-”
(disagreement) if the comment upvote score is above or

below zero respectively.

AUG,(V,E) Undirected aggregated user conversation graph where V' are
vertices (users) and E signed edges. There is a signed edge
between i and j user (i, j, tij, Signpushshifts SiGNPraw) if
replies to j at ¢;;. The sign can be “+” (agreement) or “-”
(disagreement) if the comment upvote score is above or below

9

zero respectively. The sign is if there is at least one negative

interaction between them.
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CHAPTER DO

ALGORITHMS

5.1 Measuring unsigned polarity
5.2 Measuring signed polarity

5.3 Counting temporal motifs

This section describes all the algorithms that have been used to quantify unsigned and
signed polarization within a community (intra — polarization) and cross communities
(inter — polarization) in a network. Particularly, we mention five algorithms that focus
on the structure of the network and quantify unsigned polarization namely, Random
Walks, Betweenness and Embeddings by [1], Boundary Connectivity by [12] and
Dipole Moment by [21]. Afterwards, we mention five algorithms that quantify signed
polarity in a signed graph, namely Eigensign, Random—Eigensign, Greedy, Bansal
and LocalSearch by [2]. Also, the algorithm for counting temporal motifs by [16] is

marked out. A pseudo — code for each one of the above methods added.

5.1 Measuring unsigned polarity

This section reports algorithms from the literature that quantify polarization in a
network looking only at the structure of the graph. The common denominator of the
methods is that there is an undirected graph G(V, E) with |V| nodes and |E| edges.

The nodes represent users and there is an edge between two nodes if two users interact
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with each other. The nodes in G are divided into two disjoint sets (partitions), let them
be X and Y. These two partitions can be derived from various clustering algorithms.
In [1], the authors claims that METIS clustering [24] (see Appendix A.1) is a quite
promising clustering technique that can split the graph in such a way that polarized
groups emerge. The use of Real groups that Reddit provides is an another clustering

technique that can be applied.

5.1.1 Random Walks

This measure uses the notion of random walks on graphs. It is based on the rationale
that, in a controversial discussion, there are authoritative users on both sides, as
evidenced by a large degree in the graph. The measure captures the intuition of
“How likely a random user on either side is to be exposed to authoritative content from the

opposing side”. The process can be divided into three steps:
1. Select one partition at random.
2. A random walk starts from a random vertex in that partition.
3. The walk terminates when it visits any high—degree vertex (from either side).

The Random Walk polarization measure is quantified as
Random Walk (D) = PxxPyy — Pyx Pxy 5.1)
where Pyp € {X,Y} is the conditional probability
P4 = Prob[start in partition A| end in partition B] (5.2)

If the two partitions are well—separated (more polarized), then the probability of
crossing partitions is low, Pxy ~ 0.0 or Pyx ~ 0.0 and the probability crossing within
the partition is high, Pxx ~ 1.0 or Pyy ~ 1.0. Therefore, the polarization in network
is high ~ 1.0. On the other hand, if the two partitions are not well—separated (less
polarized), the probability of crossing partitions is high, Pyy ~ 1.0 or Pyx ~ 1.0 and
the probability crossing within the partition is low, Pxx ~ 0.0 or Pyy ~ 0.0. So, the
polarization in network is low ~ 0.0.

A variation of this algorithm is to make a change on when the random walk

ends (Step 3). Instead of ending in a high—degree vertex (from either side), it can
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terminate at a set of p% of nodes (from either side). The process remains the same, we
symbolize the variation as Random Walk (P). The pseudo — code of Random Walks

unsigned polarization mentioned in Algorithm 5.1.

Algorithm 5.1 Random Walk unsigned polarization

Require: Undirected graph G(V, E), set of nodes of the partition X and Y
Ensure: Polarization score (PS)
1: // Case Random Walks (D)
topDegreeNodesx < u € X and u has high degree
topDegreeNodesy < u € Y and u has high degree
// Case Random Walks (P)

percentageNodesx < randomly selected p% nodes of X

percentageNodesy < randomly selected p% nodes of YV

7: Apply Random Walk process starting from topDegreeNodesy  or
percentageN odesx nodes

8: Apply Random Walk process starting from topDegreeNodesy  or
percentageN odesy nodes

9: AB < Number of nodes that starts from partition A and ends up in partition B,

A Be{X,Y}

10: €] e

and e4 + ivy

XX XY YX
Xxivxe 25 Xvivye 83 5 Xxavx

11: PS < e xeq — ey * €3

5.1.2 Betweenness

This measure uses the notion of edge betweenness and how the betweenness of the
cut differs from that of the other edges. Let consider C' C E in the cut defined by the
two partitions X and Y. The betweenness centrality bc(e) of an edge e € E, is defined

as

be(e) = Y "S»f(e), and be(e) € [0,1] (5.3)

Os,t

s#teV ’
where o, is the total number of shortest paths between nodes s and ¢ in the graph
and o;.(e) the number of those shortest paths that include edge e. If the partition
X and Y are well—separated (more polarized) then betweenness of the edges in C

and bc(e € C) takes values close to one this happens because the shortest paths that
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connect vertices of the two partitions will pass through the edges in the cut. If the two
partitions are not well—separated (less polarized) the numerator (o,,(¢)) takes low
values (close to zero) and the denominator (o,;) high values. Then, bc(e € C) ranges
at low values and this is happening because the paths that connect vertices across
two partitions passes through one of the many edges in the cut. The Betweenness

polarization measure is quantifies as
Betweenness = 1 — e KL (5.4)

where dg, is the Kullback—Leibler Divergence of the distributions of size N of edge
betweenness on the cut and the rest of the graph. Let p be the distribution of the
betweenness centrality of edges on the cut and ¢ the distribution of the betweenness
centrality of edges on the rest graph. Then dg(p, q) is defined as

N

dicr(p,q) = Y plw:)log(p(w:)) — log(q(w:))] (5.5)

i=1
By definition the cut edges have higher betweeness centrality therefore, p(z;),i € [1, V]
takes values close to one and log(p(z;)) ~ 0.0. On the contrary, the rest of the edges
(not cut edges) have betweeness centrality ¢(z;),i € [1,N] close to zero therefore,
log(q(z;)) =~ —oo. If distributions p and ¢ are similar then dx; distance takes values
close to zero because p(r;) and ¢(z;) ranges close to zero. Then, e %L ~ 0 = 1
ranges close to one and finally, Betweenness ~ 0.0. Otherwise, if distributions p and
q differs the dg; distance takes values close to 4+00. Therefore, e %L ~ ™ = —o0
and Betweenness ~ 1.0. The pseudo — code of Betweenness unsigned polarization

mentioned in Algorithm 5.2.

5.1.3 Embeddings

This measure uses the notion of how short or long is the distance of the nodes based
on their node two — dimensional embedding by Gephi’s ForceAtlas2 algorithm [29].
Let consider two partitions X and Y of the graph. The Embeddings polarization
measure is quantified as

dx + dy

2dry (5.6)

Embeddings =1 —

where dx and dy is the average embedded distance among pairs of vertices in the

same partition, X and Y respectively and dxy is the average embedded distance
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Algorithm 5.2 Betweenness unsigned polarization

Require: Undirected graph G(V, E), set of nodes of the partition X and Y
Ensure: Polarization score (PS)
1: totalEdges < E
cutEdges < (u,v) € B, u€ X andveY orueY andv e X
restEdges < total Edges — cut Edges

betweenness centrality for set of edges: betweennessiotaipdges. betweenness utpdges
and betweenness,estEdges
5. KL < Kullback—Leibler distance between betweennessqupages and

betweenness cstEdges

6: PSS« 1 — e KL

among pairs of vertices across the two partitions X and Y. If the two partitions are
well—separated (more polarized), then the two quantities dx and dy ranges close to
zero and dyy close to one. So, the polarity score approaches one, Embeddings ~ 1.0.
On the other hand, if the two partitions are not well—separated (less polarized), then
the two quantities dx and dy ranges close to one and the polarity score approaches
zero, Embeddings ~ 0.0. The pseudo — code of Embeddings unsigned polarization

mentioned in Algorithm 5.3.

5.1.4 Boundary Connectivity

This measure uses the notion of the connectivity of boundary nodes in a graph. That
is, let consider two partitions X and Y of the graph, then boundary vertices will be
more strongly connected to internal vertices than to other boundary vertices of either
partition. Let u € X be a vertex in partition X, u belongs to the boundary of X if
and only if it is connected to at least one vertex of the other partition Y, and it is
connected to at least one vertex in partition X that is not connected to any vertex of
partition Y. Following this definition, let Bx, By be the set of boundary vertices for
each partition, and B = Bx U By the set of all boundary vertices. By contrast, vertices
Ix = X-Bx are said to be the internal vertices of partition X and Iy, = Y-By for
partition Y respectively. Also, let I = Ix Uy be all internal vertices in either partition.

The Boundary Connectivity (GMCK) polarization measure is quantified as

1 di(u)
GMCK = B ;[—db ORI 0.5] (5.7)
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Algorithm 5.3 Embeddings unsigned polarization

Require: Undirected graph G(V, E), set of nodes of the partition X and Y
Ensure: Polarization score (PS)

1: Apply Forceatlas2 embeddings to G

2: Let e, = [xy,y,] be the coordinates of v € V and z,,y, € R
3: Distx < 0, Disty < 0, Distxy < 0

4: for ue X(orY)and v € X(orY) — {u} do

5. Distx + Distx + /(Ty — 20)2 + (Yu — Yu)?

6:  Disty < Disty + /(x4 — 20)% + (Yu — Yo)?

7: end for

8: for For u e X and v € Y do
9:  Distxy < Distxy + /(2 — )% + (Yu — Y)?

10: end for
IX1(X]-1)
2

11: tx

Y](Y|-1)
, by =D

and txy |X| * |Y|
Distx
tx

13: PS « 1 — dxtdv

2xdxy

12: dX —

Disty Distxy
R dy — iy and dXY — Ty

where d;(u) is the number of edges between vertex u and internal vertices I, while
dy(u) is the number of edges between vertex u and boundary vertices B. If the two
partitions are well—separated (more polarized), the quantity d;(u) takes high values
and dj(u) low values. Therefore, the quantity of the sum will be close to 0.5. So, the
polarity GMCK score ranges in high values, GMCK =~ 1.0. Otherwise, if the two
partitions are not well—separated (less polarized), the quantities d;(u) and d,(u) take
high and low values respectively. And consequently, the polarity GM CK score ranges
in low values, GMCK = 0.0. The pseudo — code of GMCK unsigned polarization

mentioned in Algorithm 5.4.

5.1.5 Dipole Moment

This measure uses the notion of dipole moment that has its origin in physics. In
physics, the electric dipole moment is a measure of the separation of positive and
negative electrical charges within a system, that is, a measure of the system’s overall
polarity. Let consider two partitions X and Y of the graph and R(u) € [-1.0,1.0] be

a polarization value assigned to vertex u € V. Intuitively, extreme values of R (close
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Algorithm 5.4 Boundary Connectivity (GMCK) unsigned polarization

Require: Undirected graph G(V, E), set of nodes of the partition X and Y
Ensure: Polarization score (PS)
1: By < u € X and 3(u,v),v € Y and I(u,y),y € X and Ay, z),r €Y

2: By +u €Y and 3(u,v),v € X and 3I(u,y),y € Y and H(y,r),v € X
3: B+ BxUBy

4 Ix < X —Bx, Iy <Y —By and I < Ix U Iy

5: score <0

6: for u € B do

7. d;(u) < Number of edges (u,v),v € I
8:  dy(u) <~ Number of edges (u,v),v € B

9:  score + score + % —0.5
10: end for
11: PS « B]

to —1.0 or 1.0) correspond to users who belong most clearly to either side of the
controversy. Set R = +1 for the top 5% highest—degree vertices in each partition X
and Y, and set the values for the rest of the vertices by label—propagation. Also, let

nt and n~ be the number of vertices V' with positive and negative polarization values,

nt—n—
V]

Moreover, let gc™ and gc~ be the average polarization value among vertices n* and n~

respectively, and AA the absolute difference of their normalized size AA = |

_ lget

respectively. Also, set d as half their absolute difference, d %C_'. The polarization

measure Dipole Moment (M BLB) is defined as
MBLB = (1-AA)d (5.8)

If the two partitions X and Y are well—separated (more polarized), then label propa-
gation will assign different extreme R—values to the two partitions, leading to higher
values of the M BLB measure, M BLB ~ 1.0. Otherwise, if the two partitions X and
Y are not well—separated (less polarized), then M BLB measure ranges close to zero,
MBLB =~ 0.0. The pseudo — code of MBLB unsigned polarization mentioned in
Algorithm 5.5.
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Algorithm 5.5 Dipole Moment (MBLB) unsigned polarization

Require: Undirected graph G(V, E), set of nodes of the partition X and Y

Ensure: Polarization score (PS)

1:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

topDegreeNodesx < u € X and u has high degree
topDegreeNodesy < u € Y and u has high degree
topNodes < topDegreeNodesx U topDegreeN odesy
for each node u € topNodes do
if u € topDegreeNodesy then
opinion, <— 1
end if
if u € topDegreeNodesy then
opinion,, <— —1
end if
end for
// Apply Label—Propagation method to the nodes u € {V — topNodes}
for u € {V —topNodes} do
opinion,, <— Average of neighbors opinion
end for
nt <— Number of nodes u € V' with positive opinion value
n~ < Number of nodes u € V' with negative opinion value

AA |"+|;7‘

gct < Average opinion value among vertices n*t
gc~ < Average opinion value among vertices n~

lget —ge~ |
d <+

PS « (1 — AA)d
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5.2 Measuring signed polarity

This section describes the signed polarity measures used in this thesis. The common
denominator of the following five methods is that there is an undirected signed
graph G = (V, E, E*, E7) with |V| nodes, |E| total edges, E™ edges with positive sign
(friendly interaction) and E~ edges with negative sign (antagonistic interaction). The
nodes represent users and there is an edge between two nodes if the two users have
interacted with each other. The main purpose of the application of the following
spectral methods is to discover two polarized communities (subsets of the network
vertices) S; and S, where within communities there are mostly positive edges while
across communities there are mostly negative edges. The formal definition of the

problem is defined as follows,

Given a signed network G = (V, E™, E~) with V vertices and signed adjacency matrix
A, find a vector x € {~1,0,1}V] that maximizes ©A2 and 27 A x = cc(Sy, So)

where cc(S1,Ss) is the maximization function. This metric is called polarity.

The maximization function cc(S1,S2) for i € {1,2} is defined as

cc(Sy,S2) = Z %[1E+ (u,v) = 1p-(u,v)] + Z 15— (u,v) — 1g+(u,v)] (5.9)

(u,v)ES; z S; (u,v)€S1 T S2

where 1g is the indicator function of the set S. The indicator function is a function
defined on a set S that indicates membership of an element in a subset A € {E*, E~}
of S, having the value 1 for all elements of A and the value 0 for all elements of S
not in A. That is,

Lo(a) = EES (5.10)

0,ifx ¢S

Moreover, the adjacency matrix A of the signed network G = (V,E™, E~), where
positive edges (i,j) € E* are indicated by A;; = 1, negative edges (i,j) € E~ are
indicated by A;; = -1, and non—edges are indicated by A;; = 0. A partition S, (neutral
community), S; (first polarized community) and S (second polarized community) of
V can be represented by a vector z € {~1,0,1}Vl, whose i—th coordinate is x; = 0
itie Sy, v, =1itie Sy, and x; = -1 if ¢ € S,. Also, as polarity is penalized with
the size of the solution, vertices are only added to one of the two clusters if they

contribute significantly to the objective.
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Algorithm 5.6 Eigensign signed polarization

Require: Adjacency matrix A of signed graph G(V,E, E*, E™)

Ensure: Polarity score (PS)
1: Compute v, the eigenvector corresponding to the largest eigenvalue \; of A
: Set an empty list x < ||
: foru eV do

2
3
4:  Append to list = the sign of v,
5: end for

6

. 2l Ax
0 PS « %

5.2.1 Eigensign

The spectral and deterministic Eigensign method works by simply discretizing the
entries of the eigenvector of the adjacency matrix corresponding to the largest eigen-
value. The implementation of the algorithm is based on the idea of the Pick—an—edge
problem. That is, picking an arbitrary edge, if it is positive, put the endpoints in one
cluster, leaving the other cluster empty, if it is negative, put the endpoints in sepa-
rate clusters. Therefore, given the adjacency matrix A, computes v, the eigenvector
corresponding to the largest eigenvalue \; of A. The construction of vector x of size
|V| is based on the sign of each element of the eigenvector. That is, for each node
ie{1,2,...,|V|}, & = sign(v;). The Eigensign algorithm generally outputs a solution
comprised of all the vertices in the graph, unless some components of the eigenvector
are exactly zero, which is, of course, counter to the motivation of the problem setting.

The pseudo — code of Eigensign signed polariaztion mentioned in Algorithm 5.6

5.2.2 Random Eigensign

The Random Eigensign algorithm is a randomized algorithm that solves the weakness
of the Figensign algorithm that is, the vector x is comprised of all the vertices in the
graph, unless some components of the eigenvector are exactly zero. More specifically,
given the adjacency matrix A, computes the first eigenvector v corresponding to the
largest eigenvalue \;. Instead of simply discretizing the entries of v, it randomly sets
each entry of z to 1 or —1 with probabilities determined by the entries of v. That is,
foreachi € {1,2,...,|V

it succeeds, then z; = sign(v;), otherwise x; = 0. The entries v; with large magnitude

}, a Bernoulli experiment runs with success probability |v;]. If
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Algorithm 5.7 Random Eigensign signed polarization

Require: Adjacency matrix A of signed graph G(V,E, E*, E™)

Ensure: Polarity score (PS)
1: Compute v, the eigenvector corresponding to the largest eigenvalue \; of A
2: Set an empty list z < ||
3: forueV do

4 Run a Bernoulli experiment with success probability |v,|

5:  if experiment succeeds then

6: Append to list = the sign of v,
7. else

8: Append to list x zero

9: endif
10: end for

11: PS¢ Az
X x

|v;| are more likely to turn into sign(v;), while entries v; with small magnitude |v;| are
more likely to turn into 0. The pseudo — code of Random Eigensign signed polarization

mentioned in Algorithm 5.7

5.2.3 Greedy

The optimization problem of finding a subgraph of maximum density according to
the notion of Kannan and Vinay has been studied by [30]. The authors introduce a
notion of density for directed graphs that quanties relatively highly connected and
is suitable for sparse directed graphs such as the web graph. This study tries to
formalize the notion of finding sets of hubs and authorities that are highly connected
relative to the rest of the graph. A greedy 2—approximation algorithm for undirected
densest subgraph is proposed. The main idea is to produce a subgraph of G(V, E) of
large average degree. Intuitively, the vertices with low degree throw away in order to
produce such a subgraph. In more details, the algorithm maintains a subset S C V/
of vertices. Initially, set S contains the vertices of V. In each iteration, the algorithm
identies 7,,,, the vertex of minimum degree in the subgraph induced by S. In the
sequel, %, is removed from the set S and moves on to the next iteration. This

loop process stops when the set S is empty. Of all the sets S constructed during the
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Algorithm 5.8 Greedy signed polarization
Require: Signed graph G(V, E, ET, E™)

Ensure: Polarity score (PS)

1: totalNodes < V', subgraphpes; < G and polaritypes; < 0

2: while totalNodes not empty do

3:  Umin < Node that minimize the difference between the number of positive
adjacent edges and the number of negative adjacent edges
subgraph <— Remove from G node v,,;,

Remove from totalNodes node v,,;,

Agubgraph < Adjacency matrix of subgraph
7:  Compute v, the eigenvector corresponding to the largest eigenvalue \; of

Asubgraph

8:  Set an empty list x <[]

9:  for u € Viypgrapn do

10: Append to list = the sign of v,

11:  end for

12:  polaritysubgraph < :ET‘L‘;‘T#;M

13: if polaritysupgrapn > polaritypes; then

14: subgraphyest <— subgraph
15: polaritypest <— polaritysupgraph
16:  end if

17: end while
18: PS « pozaritybest

execution of the algorithm, the set S maximizing density f(S) function (i.e. the set
of maximum average degree) is returned as the output of the algorithm. The density

function f(.S) is defined as

_|E(9)]
F(S) = 5 (5.11)

where E(.5) is the set of edges included by S, E(S) = {ij € £ :i € S,j € S}. Therefore,
the density f(G) of the undirected graph G(V,FE) is defined as the optimization
problem f(G) = max{f(S)},S C V.

According to this greedy 2—approximation approach by [30], a variation has been

proposed by [2] so that to find two polarized communities in a signed graph. Conse-
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Algorithm 5.9 Bansal signed polarization

Require: Adjacency matrix A of signed graph G(V,E, E*, E™)
Ensure: Polarity score (PS)
1: polaritypes < 0
2: for u €V do
3:  S; < Vertices sharing a positive edge with u
Sy < Vertices sharing a negative edge with u

4
5:  Set an empty list z < [
6

for veV do
7: if v € S| or v = u then
8: Append to list z the value 1
9: else
10: Append to list z the value —1
11: end if

12: end for

2l Ax
T ¢

13:  polarity <
14: if polarity > polarityp.s; then

15: polaritypes; <— polarity
16: end if
17: end for

18: PS «+ pOlaritybest

quently, Greedy algorithm, iteratively removes the vertex minimizing the difference
between the number of positive adjacent edges and the number of negative adjacent
edges, up to when the graph is empty. At the end, it returns the subgraph having the
highest polarity among all subgraphs visited during its execution. The assignment of
the vertices to the clusters is guided by the sign of the components of the eigenvector
v, corresponding to the largest eigenvalue of A. The pseudo — code of Greedy signed

polarization mentioned in Algorithm 5.8

5.2.4 Bansal

The method is motivated by Bansal’s 3—approximation algorithm [31] for finding

two polarized communities on a complete signed graph. The correlation clustering
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operates in a scenario where the relationships between the objects are known. Given
a signed graph G(V,E, E™, E7) of |V| nodes, |E| edges and E*, E~ the positive and

[13RA]

negative edges respectively. The edge sign (“+” or “-”) indicates the similarity between
the nodes that are located in the arcs of the edge. If the sign is positive then the two
nodes are similar, otherwise the two nodes are unlike. The task of the problem is to
find a clustering that either maximizes agreements or minimizes disagreements.
According to this Bansal’s 3—approximation approach, a variation has been pro-
posed by [2] so that to find two polarized communities. Consequently, Bansal method,
for each vertex u € V identifies u together with the vertices sharing a positive edge
with « as one cluster, and the vertices sharing a negative edge as the other. Of these

|V'| possible solutions, the one that maximize polarity is returned. The pseudo — code

of Bansal signed polarization mentioned in Algorithm 5.9

5.2.5 LocalSearch

This method is based on randomness. That is, let S, be the initial set of vertices
chosen at random. At each iteration, it adds (removes) to (from) the current solution
the vertex that maximizes the gain in terms of polarity. Finally, the method terminates
when the gain of moving any vertex is lower than 0.2. Also, the assignment of the
vertices to the clusters is guided by the signs of v. The pseudo — code of LocalSearch

signed polarization mentioned in Algorithm 5.10
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Algorithm 5.10 LocalSearch signed polarization

Require: Adjacency matrix A of signed graph G(V,E, E*, E™)

Ensure: Polarity score (PS)

—_—

: 51 + Random vertices from V, S5 < Random vertices from V'
: Set an empty list Zg0pt < [ ]
: for u e V do

2

3

4: if u € S; then
5 Append to list x4y, the value 1
6

else if u© € S, then

7: Append to list x4, the value —1
8: else

9: Append to list x4, the value 0
10:  end if

T

tart A Tstart
T

11:  polaritypes < x;gmt —

12: end for

13: while True do

14: S} <= Add or remove vertices, S}, < Add or remove vertices
15:  Set an empty list Zpey < [ ]

16: for u €V do

17: if u € S] then

18: Append to list z,,, the value 1
19: else if u € S} then

20: Append to list x,,, the value —1
21: else

22: Append to list 2., the value 0
23: end if

24:  end for

; T A Zner
25:  polaritype, — ‘ngwttnew

Thnew Tnew

26: if |polarityne, — polaritypes| > 0.20 then

27: polaritypes; <— polaritynew
28:  else

29: Exit While

30: end if

31: end while

32: PS « pOlaritybest
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5.3 Counting temporal motifs

Let consider a temporal directed graph G(V, E) of |V| nodes and |E| totstartal edges.
The nodes represent users and there is one or more edges between two nodes if
they interact. A temporal edge is referred as a tuple of three inputs that is, (u;,v;, ;)
where u;,v; € Vi € |E| and ¢; is the timestamp of the interaction. Furthermore,
temporal motifs are an ordered sequence of timestamped edges conforming to a
specified pattern as well as a specified duration of time § in which the events must
occur. So, ) —temporal motif for k—node and [—edge is defined as a sequence of [ edges,
M = (uy, vy, t1), (ug, va,ta), ..., (u, vy, t;) that are time ordered within a § duration, i.e.,
t1 <ty <---<tyand t; —t; <4, such that the induced static graph from the edge is

connected and has k£ nodes.
’x"—_"l"\__'\‘_?'x‘__"i? S
Miy M2 % M3y M4 M5 M6
S AT R S e
M7% M8 % M9 ¥ Mlﬂ\-‘( MI1 M12)e
SRR L N L Sl
M13‘o'( MM“U'( M15 ‘V mieW M1z ¥ Mis W
R N O O A
M1 Mzo W v21 W M2 W M23W w2 W
R\ ™ " A AT
v2Rh  M26 %) M27ay M28 M29 ) M30 w)
LS O S N el st

MBI\. M32\‘. M33 “" M34 \.’/ M35 \. M36 p

Figure 5.1: All 2—node and 3—node, 3—edge d—temporal motifs. We index the 36
motifs Mi, ¢ € [1,36]. M25, M26, M31 and M32 are the 2—node motifs and M3,
M4, M9, M10, M17, M18, M23 and M24 are the eight triangles. The rest motifs are
stars. The first edge in each motif is from the green to the orange node. The second

edge is the same along each row, and the third edge is the same along each column.

A collection of edges in a given temporal graph is an instance of a é—temporal

motif M if it matches the same edge pattern and all of the edges occur in the
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Algorithm 5.11 Count the number of instances of all possible l-edge d—temporal
motifs in an ordered sequence of temporal edges. The keys of counts|-] are accessed

in order of length.

Require: Sequence S, of edges (e; = (u1,v1),t1),..., (e = (e, tr),tr) with ¢ < --- <
tr, time window §
Ensure: Number of instances of each [—edge d—temporal motif M contained in Sy
1: start <1
2: counts +— Counter, (default = 0)
3: forend=1,...,L do
4. while tg4t + 0 < teng do

5 //DecrementCounts process

6: counts|esiart] — = 1

7: for suffix € counts.keys of length </ —1 do

8: counts|concat(egiart, suf fix)] — = counts[suf fix]
9: end for

10:  end while

t1:  //IncrementCounts process

12:  for prefix € counts.keys.reverse() of length </ do
13: counts[concat(prefix, ec,q)] + = counts|prefiz]
14:  end for

15:  counts|eenq] + = 1

16: end for

17: Return counts

right order within the § time window. Formally, any time—ordered sequence S =

(wy,z1,t1), ..., (w, z,t)) of [ unique edges is an instance of the motif M = (uy, vy, 1),
(ug, vo,t2), ..., (u, v, t;) if there exists a bijection f on the vertices such that f(w;) = u;
and f(x;) = v;, i € 1,2,...,1 and the edges all occur within § time i.e., tj — ] < ¢.

Therefore, basis of this definition, Algorithm 5.11 by [16] counts the number of or-
dered subsets of edges from temporal graph G that are instances of a particular
motif. In this current thesis, we focus on 2—node and 3—node temporal motifs. All
the possible 2—node and 3—node temporal motifs (36 in total) presented in Figure
5.1.

General outline for 2—node motifs. For each pair of nodes u and v for which
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there is at least one edge, gather and sort the edges in either direction between u and
v. Then call Algorithm 5.11 with these edges.

General outline for 3—node star motifs. For each node u in static G graph
and for each unique set of & — 1 neighbors, gather and sort the edges in either
direction between u and the neighbors. Then count the number of instances of M
using Algorithm 5.11.

General outline for 3—node triangle motifs. Initially, a fast static graph triangle
enumeration algorithm used to find all triangles in the static graph G induced by
temporal G [32]. For each triangle (u, v, w), merge all temporal edges from each pair
of nodes to get a time—sorted list of edges. Then, 5.11 is used to count the number

of instances of M.
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CHAPTER O

GENERAL METHODOLOGY

6.1 Measuring unsigned polarity
6.2 Measuring signed polarity

6.3 Counting temporal motifs

Chapter 3 reports the general problem that this current thesis tries to investigate.
That is, to measure unsigned and signed polarization in one (intra—polarization) or
cross more (inter—polarization) communities. Specifically, the target is to answer the
next research questions, RQ1. Is intra—polarization or inter—polarizatio detected in
Reddit? i.e., the members of a community or more communities discuss a common
topic and two different opinions emerge, then the members within the community
cut off the connections with each other if they disagree or continue to communicate
expressing their opposite points of view. RQ2. Does controversy increase polarization?
i.e., controversial posts are more prone to polarization than non—controversial ones.
The last research query which we dealt with is RQ3. What are the common motifs
of user interaction in the comments of a discussion in the case of controversial and
non—controversial posts? i.e., a user responds to a comment from another user then
what is the probability of replying back in controversial and non—controversial posts
or when a negative comment preceded in a discussion what is the probability of
following negative comments etc.

Therefore, Chapter 6 describes the general methodology for approaching the above

questions namely, RQ1, RQ2 and RQ3. Particularly, the algorithm for measuring
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Algorithm 6.1 General methodology for measuring unsigned polarization

Require: AUG, unsigned graph G(V, E) for one, two or more subreddits
Ensure: Polarization score (PS)
1: //Initialize two polarized groups
if One input subreddit (intra—polarization) then
A, B < Apply METIS partition
else if Two input subreddits (inter—polarization) then
A, B < Apply METIS partition
X,Y < Apply Real group partition

7: else

8:  Generate all 2-subreddits AUG, unsighed graphs among potential subreddits

9:  Go to Step 3 for each 2-subreddits AUG,, combination of graphs

10: end if

11: //Apply unsigned algorithms using METIS and Real groups clustering

12: PSyrprrs < Apply Algorithms Random Walks (P), Random Walks (D), Betweenness,
Embeddings, GMCK and MBLB using METIS clustering (apply A and B polarized
groups)

13: PSgeat < Apply Algorithms Random Walks (P), Random Walks (D), Betweenness,
Embeddings, GMCK and MBLB using Real group clustering (apply X and Y po-

larized groups)

unsigned polarization (intra and inter), the algorithm for detecting the two most
polarized subsets of users in a signed graph that is, signed polarization (intra and

inter) and the algorithm for counting temporal motifs described below.

6.1 Measuring unsigned polarity

The process of quantifying unsigned polarization either in one community (intra —
polarization) or cross more communities (inter — polarization) uses a 2—step pipeline.
The pseudo — code of the methodology displayed in Algorithm 6.1. The first stage
of the pipeline (Steps 1-9) is the partitioning of AUG undirected graph into two
subgroups. If the input AUG, graph concerns one subreddit (Steps 1-2) then only
METIS clustering can be applied. The Real groups clustering is essentially all the
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Algorithm 6.2 General methodology for measuring signed polarization

Require: AUG, signed graph G(V, E, E*, E~) for one, two or more subreddits
Ensure: Polarization score (PS), Two polarized communities S; and S,

1: PS, 51,5, <= Apply Algorithms FEigensign, Random FEigensign, Greedy, Bansal and
LocalSearch.
// Analysis of polarized communities Sy and S,
Relation of the size of S; and .S, in relation to AUG,, size
Percentage of positive and negative edges within and cross S; and S,

Percentage of vertices from each subreddit in S; and Sy

Percentage of vertices that participate in both input subreddits

members of the input subreddit as collected by Reddit. That is, if the two input
subreddits are Armenia & Azerbaijan then the Real group of Armenia are all those users
who participate in conversations in Armenia subreddit and Real group of Azerbaijan
consists of the users who participate in submissions from group Azerbaijan. In the case
of 2—subreddits input AUG,, graph (Steps 3-5) we apply both METIS and Real groups
clustering. Also, in the case of more than 2—subreddits that is, k—subreddits (Steps
6-8) then all 2—subreddits AUG, graphs are generated among potential subreddits.
Therefore, METIS and Real groups clustering is applied in each one of the generated
2—subreddits AUG,, graphs. The second stage of the pipeline is the implementation
of unsigned algorithms 5.1 in the produced graphs. Two unsigned polarization scores
namely, PS,,pr;s and PSg.,; are calculated (Steps 10-11) for each one of the unsigned

algorithms.

6.2 Measuring signed polarity

The process of measuring signed polarization and detecting the two most po-
larized communities either in one community (intra — polarization) or cross more
communities (inter — polarization) uses a 2—step pipeline. The pseudo — code of
the methodology displayed in Algorithm 6.2. The first stage of the pipeline (Step
1) is the detection of two polarized communities S; and Sy by applying one of the
proposed algorithms in Section 5.2 Eigensign, Random Eigensign, Greedy, Bansal and

LocalSearch. Thereinafter, in the second phase (Steps 3-6) we analyze the correlation
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Algorithm 6.3 General methodology for counting temporal motifs

Require: AUG, unsigned (or signed) graph G(V,E,E* E~) for one, two or more
subreddits
Ensure: Number of each possible 2—node, 3—node star and 3—node triangle motifs
1: 0 + Input time window in seconds
2: 2—node motifs <— Apply Algorithm Temporal Motifs
3: 3—node star motifs <— Apply Algorithm Temporal Motifs
4: 3—node triangle motifs <— Apply Algorithm Temporal Motifs

of S; and S, communities. That is, we explore the relation of the two polarized groups
in relation to AUG,, graph size, the percentage of positive (agreement) and negative
(disagreement) edges within and cross polarized groups, the percentage of vertices
from each subreddits and the percentage of common vertices (users who participate

in discussions in both input communities).

6.3 Counting temporal motifs

Ongoing, RQ3 query counts the number of 2—node and 3—node temporal motifs
during ¢ time window (see Section 5.3) in a directed temporal graph G. The pseudo
— code of the methodology displayed in Algorithm 6.3. The process of counting the
number of temporal motifs is a 1—stage pipeline. Specifically, we apply Algorithm

5.11 to directed signed (or unsigned) AUG, graph.
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CHAPTER 7

EXPERIMENTAL SETUP

71 Crawling data from Reddit
7.2 Generating Graphs

7.3 Initialization of Hyperparameters

In this chapter, we report the stages of data collection from Reddit platform. Specifi-
cally, we gather information of submissions (posts) from some subreddits related to
a topic of discussion. In addition, for each one of these submissions, the evolution of
the conversation (users and comments) is collected too. Furthermore, the hyperpa-
rameters’ initialization of the algorithms that have been used to quantify unsigned

and signed polarization (see Chapter 6) mentioned too.

7.1 Crawling data from Reddit

We collect data from Reddit website using Reddit API. We use both Pushshift Reddit
dataset [33] and traditional Reddit API (Praw) !. But why use two types of APIs?
Firstly, Praw API collects all this information currently available in Reddit. Therefore,
information that has been deleted either by the users themselves or by the moderators
can not be collected. To address this issue (deleted information) we use Pushshift API.

Pushshift API is updated in real—time, and includes historical data back to Reddit’s

https://www.reddit.com/dev/api/

44



Table 7.1: Data collection information, topic of discussion, selected keywords, selected

subreddits and collection dates.

Topic Keywords Subreddits Collection Dates
Hagia Sophia
Hagia Sophia Turkey 1 May 2020
converted into
Ayasofya Greece 11 December 2020
a mosque ) )
AyLé ZopLa Islam
(24 July 2020)
Nagorno Armenia
Nagorno—Karabakh 1 July 2020
conflict Karabakh Azerbaijan
11 December 2020
(27 September 2020) | Nagorno—Karabakh Turkey
Coronavirus
COVID-19 covid China_Flu 1 July 2019
pandemic covid—19 vaccines Coronavirus 22 December 2020
(22 September 2019) vaccination
vaccines

George Floyd

Unpopularopinion
Killing of American Derek Chauvin 1 March 2020
hip-hop _artist Bad_Cop_No_Donut
(George Floyd) Police violence 25 January 2020
BlackLivesMatter

(25 May 2020) Black lives matter

inception. Also, Pushshift makes it much easier to query and retrieve historical Reddit
data, provides extended functionality by providing fulltext search against comments
and submissions, and has larger single query limits. The disadvantage of Pushshift
is that we rely on values of scores such as, submissions’ scores or comments’ scores,
in a discussion, perhaps the time of their collection is too short and thus does not
have time to develop a controversy. Therefore, to address this problem from Pushshift
API, we also use Praw API to recollect some scores. Therefore, we have data for two
distinct timestamps one from Pushshift (first timestamp) and the second one from
Praw (second timestamp).

We collect posts (submissions) based on specific keywords and topics of discus-
sion. The keywords are related to real events that have taken place in recent times.
In the literature, most studies use data related to politics, climate change, religion or

even historical events. Therefore, our direction of choosing topics to study follows this
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Table 7.2: Probability multipliers (score) a user from community A to write in com-

munity B (A — B) for each of the topics.

Subreddits Score

Turkey — Greece | 24.32
Turkey — Islam | 13.87
Greece — Turkey | 23.48

Greece — Islam 0.71

Islam — Turkey | 11.23

Islam — Greece 0.60

(a) Hagia Sophia

Subreddits Score

Armenia — Azerbaijan | 534.76

Armenia — Turkey | 129.06

Azerbaijan — Armenia | 499.18

Azerbaijan — Turkey | 270.76

Turkey — Armenia 118.93

Turkey — Azerbaijan | 267.31

(b) Nagorno—Karabakh

Subreddits Score
Unpopularopinion — Bad_Cop_No_Donut | 1.93
Unpopularopinion — BlackLivesMatter - Subreddits Score
Bad_Cop_No_Donut — Unpopularopinion | 1.69 China_Flu — Coronavirus | 37.68
Bad_Cop_No_Donut — BlackLivesMatter — Coronavirus — China_Flu | 18.65
BlackLivesMatter — Unpopularopinion | 0.35 (d) COVID—-19
BlackLivesMatter — Bad_Cop_No_Donut | 25.27

(¢) Police violence

similar logic, i.e., events that bring confrontation or polarization between the mem-
bers. We conclude to study four topics of discussions these are, the conversion of
Hagia—Sophia into a mosque, the Nagorno—Karabakh conflict between Azerbaijan,
supported by Turkey, and the self—proclaimed Republic of Artsakh together with
Armenia, in the disputed region of Nagorno—Karabakh and surrounding territories,
the COVID—19 pandemic, also known as the coronavirus pandemic, an ongoing pan-
demic of coronavirus disease 2019 (COVID—19) caused by severe acute respiratory
syndrome SARS-CoV—2 and the Black Lives Matter movement that protest against
incidents of police brutality and all racially motivated violence against black people.
In Table 7.1, the selected keywords, the respectively the topics of discussion and the
subreddits from which they come from presented. The time of the collection is based
on dates that the event became widely known.

Why did we choose these subreddits and not others? Initially, our goal is to
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Table 7.3: Post and comment features.

Post features Description
author_id Original creator of the post
created_utc Unix timestamp
post_id Unique post identifier
num_comments Number of total comments in the post
score Sum of upvotes and downvotes in the post

' _ Ratio of votes in the post counting
upvote_ratio Pushshift o ) ' _
both positive and negative votes using Pushshift

' Ratio of votes in the post counting
upvote_ratio Praw . _ )
both positive and negative votes using Praw

comments List of comments’ unique ids
title Title of the post
url URL address of the post
Comment features Description
author_id Original creator of the comment
created_utc Unix timestamp
comment_id Unique comment identifier
parent_id Parent comment identifier in which the comment is a response
score Pushshift Sum of upvotes and downvotes of the comment using Pushshift
score Praw Sum of upvotes and downvotes of the comment using Praw
text Body of the comment

select communities for which we know (or at least it is commonly accepted) that
there is a conflict between them. For instance, if a topic of discussion is about
Nagorno—Karabakh conflict then we suppose that communities such as Azerbai-
jan and Armenia will have diametrically opposed views and there will be intense
polarization or even controversy. Therefore, to identify the appropriate communities
(subreddits) from which we should collect data, we performed a brief analysis of the
keywords we chose for each topic of discussion. That is, we collected 100 submis-
sions that contain these specific keywords from 2007 to 2020 per month. So, we tested
which subreddits use these keywords most often. Having extracted these subreddits,

the second criterion we consider is that we expect there is interaction of users be-
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longing to different groups. That is, there are users who participate in discussions in
both subreddits or whether there is user overlap in the subreddits we have selected.
The probability (fraction) of users of subreddit A that also write in subreddit B for

each one of the four topics presented in Table 7.2.

Table 7.4: Number of collected posts and the average Pushshift upvote ratio of per

non—controversial and controversial posts.

Subreddit Total Upv.ote Non—Cont/sial Upv.ote Cont/sial Upv.ote
posts | ratio posts ratio posts ratio
Turkey (HS) 172 91% 151 98% 21 41%
Greece 47 98% 46 99% 1 50%
Islam 90 94% 86 97% 4 42%
Armenia 845 98% 834 99% 11 49%
Azerbaijan 852 99% 847 99% 5 45%

Turkey (NK) 71 99% 71 99% - -

China_Flu 25,794 | 98% 25,420 99% 374 47%
Coronavirus 60,993 | 98% 60,475 98% 518 48%
Unpopularopinion | 3,742 98% 3,660 99% 82 47%
Bad_Cop_No_Donut | 1,237 96% 1,209 97% 28 44%
BlackLivesMatter 3,855 97% 3,737 98% 118 42%

At this point, we report the features that have been collected. More specifically,
for each topic of discussion and for each subreddit, we collect a number of posts. In
Table 7.3, we present the collected features for each post (top part). For each post, we
collect information of the discussion that is, the comments from the users. Therefore,
for each comment we collect a set of features too, these are presented in the second
part of Table 7.3. Consequently, the number of total collected posts is presented in
Table 7.4 for Pushshift score and Table 7.5 for Praw score. We annotate a post as
non—controversial if the upvote ratio score from Pushshift or Praw APIs is higher
than 0.62, otherwise, the post annotated as controversial. The value 0.62 comes from
experimental analysis using information from the official post annotation by Reddit
API. We observe that the period of time in which the data have been collected has
a decisive role in the manner of category assignment either as non—controversial or

controversial posts. Particularly, using Pushshift score, the type of posts have not yet
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Table 7.5: Number of collected posts and the average Praw upvote ratio of per

non—controversial and controversial posts.

Subreddit Total Upv.ote Non—Cont/sial Upv.ote Cont/sial Upv.ote
posts | ratio posts ratio posts ratio
Turkey (HS) 172 66% 95 88% 77 39%
Greece 47 71% 37 87% 10 38%
Islam 90 84% 78 90% 12 48%
Armenia 845 75% 659 83% 186 47%
Azerbaijan 852 86% 792 89% 60 46%
Turkey (NK) 71 77% 53 89% 18 41%
China_Flu 25,794 | 80% 21,328 87% 4,466 46%
Coronavirus 60,993 | 89% 57,493 92% 3,500 47%
Unpopularopinion | 3,742 92% 3,379 96% 363 47%
Bad_Cop_No_Donut | 1237 88% 1165 91% 72 42%
BlackLivesMatter 3855 86% 3,186 94% 669 47%

been formed (non—controversial or controversial) due to their fast collection time;
and we can confirm this by the fact that when we use the Praw score (collected at

the present time) the number of controversial posts increases.

7.2 Generating Graphs

We generate both AUG,; and AUG, for each subreddit separately that is, 11 AUG,
unsigned graphs and 11 AUG, signed graphs for measuring polarity and 11 AUG,
graphs for counting temporal motifs. The number of vertices and edges per generated
AUG, and AUG, graph presented in Table 7.6. Also, a graphic representation of them
presented in Figure 7.1.

Subsequently, we create all the possible 2—subreddits graphs for each topic of
discussion. Videlicet, an AUG,, (signed and unsigned) and AUG, between Turkey &
Greece, Turkey & Islam and Greece & Islam subreddits from topic about Hagia —
Sophia etc. Moreover, we create all 2—subreddits possible graphs from non — contro-

versial and controversial posts respectively. Therefore, we create 30 AUG, unsigned
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Table 7.6: Size of AUG,; and AUG,, graphs per subreddit.

Nodes | Edges Nodes Edges % of “+” edges
Subreddits
(AUGy | (AUGy) || (AUG,) | (AUG,) | (Pushshift, Praw)
Turkey (HS) 411 1,797 985 1,802 (92%, 80%)
Greece 148 604 330 525 (91%, 76%)
Islam 527 3,067 965 1,801 (74%. 68%)
Armenia 2,084 | 77554 2,918 | 26,448 (92%. 87%)
Azerbaijan 1,156 14,753 1,818 7,902 (93%, 88%)
Turkey (NK) 121 465 433 652 (98%, 83%)
China_Flu 24,550 | 292,045 | 39,697 | 219,026 (95%, 86%)
Coronavirus 135,897 | 1,465,407 || 256,677 | 1,177,128 (91%, 84%)
Unpopularopinion 6,206 31,395 16,347 25,716 (85%, 77%)
Bad_Cop_No_Donut | 3,093 11,922 12,251 16,950 (85%, 79%)
BlackLivesMatter 401 1,329 2,661 3,284 (95%, 89%)

graphs, 30 AUG, signed graphs and 30 AUG, graphs. The number of vertices and
edges per 2—subreddits generated AUG,; and AUG,, graph presented in Tables B.1,
B.2 and B.3 (see Appendix B). Besides, the graphic representation of the graphs
depicted in Figures 7.2, 7.3, 7.4 and 7.5 for Hagia—Sophia, Nagorno—Karabakh, Po-
lice Violence and COVID—19 respectively. Finally, we generate all the 3—subreddits
graphs for every topic of discussion either for non—controversial or controversial
posts. We work with 9 additional graphs. In Table B.4 (see Appendix B), the size of
the graphs presented. In addition, the graph representation of 3—subreddits graphs
mentioned in Figures 7.6. Moreover, the percentage of users per subreddit and the
percentage of common users in 2—subreddits and 3—subreddits AUG,, graphs pre-
sented in Tables B.5, B.6, B.7 and B.8. Summarizing, we generate 53 AUG,, and 53
AUG,; graphs in total.
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(d) Armenia

(g) Unpopularopinion (h) Bad_Cop_No_Donut (i) BlackLivesMatter

(j) China_Flu (k) Coronavirus

Figure 7.1: Graph representation for each individual subreddit.
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Figure 7.2: Graph representation of 2—subreddits for Hagia—Sophia topic. Red color

declares Turkey, blue color Greece and black color Islam.
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(a) Armenia & Azerbaijan (b) Non—Controversial

C e

(d) Armenia & Turkey

(g) Azerbaijan & Turkey (h) Non—Controversial (i) Controversial

Figure 7.3: Graph representation of 2—subreddits for Nagorno—Karabakh topic. Or-

ange color declares Armenia, cyan color Azerbaijan and red color Turkey.
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(a) Unpopularopinion &
Bad_Cop_No_Donut (b) Non—Controversial

(d) Unpopularopinion &

BlackLivesMatter

(g) Bad_Cop_No_Donut &

BlackLivesMatter (h) Non—Controversial

(¢) Controversial

(i) Controversial

Figure 7.4: Graph representation of 2—subreddits for Police Violence topic. Red color

declares Unpopularopinion, blue color Bad_Cop_No_Donut and black color Black-

LivesMatter.
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(a) COVID—-19 (b) Non—Controversial (¢) Controversial

Figure 7.5: Graph representation of 2—subreddits for COVID—19 (China_Flu & Coro-

navirus) topic. Purple color regards Coronavirus and orange color regards China_Flu.
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(b) Non—Controversial

(d) Nagorno—Karabakh (e) Non—Controversial

(g) Police Violence (h) Non—Controversial (i) Controversial

Figure 7.6: Graph representation of 3—subreddits for Hagia—Sophia (Turkey (red)
& Greece (blue) & Islam (black)), Nagorno—Karabakh (Armenia (orange) &
Azerbaijan (cyan) & Turkey (red)) and Police Violence (Unpopularopinion (red)
& Bad_Cop_No_Donut (blue) & BlackLivesMatter (black)) topics both for total,

non—controversial and controversial posts.
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7.3 Initialization of Hyperparameters

For some algorithms it may be necessary to initialize some of their hyperparame-
ters. A model hyperparameter is a configuration that is external to the model and
whose value cannot be estimated from data. Therefore, we need to initialize some of
these hyperparameters. Especially, algorithms which quantify unsigned polarization
namely, Random Walks (D), Random Walks (P), Betweenness, Embeddings, GMCK and
MBLB, need an initialization. Initially, due to their randomness, we run Algorithm
6.1 1k iterations and set as final unsigned polarization score the average score from
all these iterations. Also, we performed experiments of top 10 high—degree nodes for
Random Walks (D) method and 10% of random nodes per community for Random
Walks (P) method. Furthermore, we test two types of nodes partitioning, METIS and
Real groups clustering.

For algorithms which detect the two most polarized subgroups in one or more
communities and measure signed polarity, no hyperparameters initialization was ob-

served.
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CHAPTER 8

REsuLTs AND DiscussION

8.1 Is unsigned and signed intra polarity detected in Reddit?
8.2 Is unsigned and signed inter—polarity detected in Reddit?

8.3 What are the common motifs of user interaction in the case of non — contro-

versial and controversial posts?
8.4 What are the common motifs of comments in a discussion?

8.5 Case study of content analysis

This chapter presents the results of all the experiments and an extensive discussion of
them. We organize the results based on the research questions we investigate. Initially,
we report results for intra—polarization and after that, results for inter—polarization.
The analysis of signed polarity in networks focuses on Random Eigensign method
because it is proposed as the most efficient for political debates. Also, we make a
discussion which concerns controversial and non—controversial posts. Finally, the
findings about temporal motifs follow. Due to the large number of results, some of

them mentioned within Sections and the rest of them placed in Appendix C.

8.1 Is unsigned and signed intra polarity detected in Reddit?

The quantification of unsigned and signed polarity in a community in which indi-

viduals discuss a same topic extract interesting conclusions for the stability of the
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Table 8.1: Unsigned and signed polarity score per subreddit about Hagia—Sophia

conversations.

Algorithms (unsigned) | Greece Turkey Islam

Random walks (P) 0.25 0.20 0.22

Random walks (D) 0.35 0.04 0.09

Betweenness 0.52 0.60 0.68

Embeddings 0.15 0.07 0.22

GMCK 0.11 0.06 0.09

MBLB 0.15 0.14 0.12

Algorithms (signed)

Polarity (Pushshift, Praw)

Eigensign (4.77,3.0) | (6.14,5.33) | (3.47,3.56)
Random eigensign (3.12,2.08) | (4.22,3.23) | (2.39,2.29)
Greedy (5.0,3.6) | (6.71,5.71) | (3.07,3.15)
Bansal (3.42,3.42) | (3.36,3.2) | (3.0,3.2)
LocalSearch (1.22,1.12) | (1.71,1.36) | (1.44,0.85)

community. For instance, if individuals of Greece community have a common point
of view about Hagia—Sophia conversion into a mosque or if Turkish individuals
agree or disagree with each other about this conversion. Equally interesting is if
users from Armenia and Azerbaijan subreddits are bifurcated and are divided in two
subgroups of users. Similar conclusions can be drawn in the case of Police Violence
and COVID—19 discussions.

Initially, we investigate the quantification of unsigned polarity in every community
separately that is, intra—polarization. We observe that almost all the proposed meth-
ods such as, Random Walks, Embeddings, GMCK and MBLB does not detect polarity
(polarization score less than threshold 0.50) in subreddits. Tables 8.1, 8.2, 8.3 and
8.4 present the unsigned polarization scores for each one of the topics. That is, the
structure of the network is not well divided into two subcommunities. In contrast,
the users interact with the rest of them converting subreddits into a well connected
ones.

We need to note that, the algorithms use information who replies to whom and
not information about the score of the replies. This result might is expected because

Reddit is a forum website and the main interaction between them is the replies
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Table 8.2: Unsigned and signed polarity score per subreddit about
Nagorno—Karabakh conversations.
Algorithms (unsigned) | Armenia Azerbaijan Turkey

Random walks (P) 0.10 0.12 0.28
Random walks (D) 0.0 0.0 0.32
Betweenness 0.68 0.53 0.56
Embeddings 0.10 0.07 0.29
GMCK 0.0 0.0 0.11
MBLB 0.11 0.09 0.19

Algorithms (signed)

Polarity (Pushshift, Praw)

Eigensign (80.29,74.09) | (27.3,26.58) | (3.80,3.18)
Random eigensign (54.35,51.43) | (17.08,16.13) | (3.05,2.18)
Greedy (80.43,74.14) | (27.53,26.83) | (4.94, 4.20)
Bansal (50.15,42.23) | (17.60,17.54) | (3.0,2.5)
LocalSearch (8.14,7.21) (4.56,4.22) | (1.35,1.47)

from one user to the other one. So, we except that each subreddit is well connected
and the proposed algorithms about controversy confirm our hypothesis. Unlike, only
Betweenness method detect the existence of polarization in all subreddits. Specifically,
the polarization score is higher than threshold 0.50 for every community and as a
consequence, they are annotated as polarized communities. As already mentioned
in Section 5.1.2, this metric is based on the similarity of betweenness centrality of
cut and the rest of the edges. So, we conclude that a few cut edges exist cross two
partitions and if the vertices from both partitions necessarily use the cut edges of the
network to cross to the other partition; and as a result the betweenness centrality of
cut edges is higher that the rest of them.

As of now, we inquiry the quantification of unsigned polarization in each one of
the subreddits separately (intra—polarization). The next query explores the existence
of the two most polarized groups (subsets) of the network including additional in-
formation from the conversations that is, score of the comments. The main goal of
measuring signed polarity in a subreddit is to detect if there are two polarized sub-
communities within a subreddit where the the individuals within each subcommunity

agree and cross subcommunities disagree. Looking at the results of Random Eigensign
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Table 8.3: Unsigned and signed polarity score per subreddit about Police Violence

conversations.
Algorithms
Unpopularopinion | Bad Cop_No_Donut | BlackLivesMatter

(unsigned)
Random walks (P) 0.50 0.57 0.43
Random walks (D) 0.06 0.20 0.03
Betweenness 0.91 0.82 0.92
Embeddings 0.21 0.36 0.10
GMCK 0.16 0.16 0.16
MBLB 0.13 0.10 0.10

Algorithms (signed)

Polarity (Pushshift, Praw)

Eigensign (6.64, 6.46) (3.38, 3.50) (4.23, 4.20)
Random eigensign (2.39,2.41) (2.13,2.05) (2.29,2.33)
Greedy (7.63,7.71) (5.9, 4.75) (4.72,4.62)
Bansal (4.93,4.58) (3.71,3.27) (2.84,2.84)
LocalSearch (1.30,1.17) (1.33,1.07) (1.19,1.11)

Table 8.4: Unsigned and signed polarity score per subreddit about COVID—19 con-

versations.

Algorithms (unsigned) | China_Flu | Coronavirus
Random walks (P) 0.19 0.16
Random walks (D) 0.0 0.0

Betweenness 0.66 0.53
Embeddings 0.29 0.03
GMCK 0.0 0.0
MBLB 0.12 0.10

Algorithms (signed)

Polarity (Pus

hshift, Praw)

Eigensign (50.60, 38.79) | (87.03,74.16)
Random eigensign (25.24,18.95) | (26.97,19.52)
Greedy (52.07,41.47) | (88.40,76.13)
Bansal (15.25,8.96) | (19.69,15.72)
LocalSearch (5.17,3.61) (3.67,2.94)
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Table 8.5: Percentage of agreement (positive edges, for short PE) in each community
separately and within (G; PE, G, PE) and cross (for short CE) polarized partitions,

G and G5 for Random Eigensign method and for two time snapshots, Pushshift and

Praw.
Subreddit PE G, PE G2 PE CE
(Pushshift, Praw)
Turkey (HS) 92%, 80% | 97%, 94% 100% 13%, 18%
Greece 91%, 76% — 98%., 94% | 25%, 0%
Islam 74%, 68% | 80%, 81% | 94%, 97% | 27%, 25%
Armenia 92%, 87% | 93%, 90% - 0%, 33%
Azerbaijan 93%, 88% | 96%, 95% | —, 100% | 33%, 29%
Turkey (NK) 98%, 83% 100% —, 100% —, 40%
China_Flu 95%, 86% | —, 76% 95%.,88% | 50%, 56%
Coronavirus 91%, 84% | 90%, 86% | 63%, 69% | 58%, 57%
Unpopularopinion | 85%, 77% | 98%, 97% | 88%, 71% | 34%, 27%
Bad_Cop_No_Donut | 95%, 79% 99% —, 88% 0%. 7%
BlackLivesMatter | 95%, 89% — 99% 0%, 11%

method in Tables 8.1, 8.2, 8.3 and 8.4, we observe that there is an amount of polarity
in each one community; excluding some of them with higher values that the others.
Such as, Turkey for Hagia—Sophia topic, Armenia for Nagorno—Karabakh topic, Un-
popularopinion for Police Violence topic and Coronavirus for COVID—19 topic. Note
that the polarity score values are strictly related to the size of the graphs thus unable
to do comparisons between them.

Moreover, it is also confirmed that within groups the number of positive edges
is higher than negative edges and the number of negative connections cross groups
is higher than positive connections (see Table 8.5). Furthermore, we notice that the
polarity in the first timestamp (Pushshift) is higher than this one in the second times-
tamp (Praw). Therefore, the polarity decreases which means that as the discussions
progressed, the participants became more flexible and may have strayed from their
extreme points of views. The graph representation of the two polarized partitions for
each community is presented in Figures 8.1, 8.2, 8.3 and 8.4. Green and red colors

declare the two polarized groups.
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(g) Islam (h) Pushshift (i) Praw

Figure 8.1: Graph representation of two polarized groups per subreddit for two times-

tamps, Pushshift and Praw, for Hagia—Sophia topic.
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(a) Armenia (b) Pushshift (c) Praw
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(g) Turkey (h) Pushshift (i) Praw

Figure 8.2: Graph representation of two polarized groups per subreddit for two times-

tamps, Pushshift and Praw, for Nagorno—Karabakh topic.
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(b) Pushshift (c) Praw

(d) Bad_Cop_No_Donut (e) Pushshift (f) Praw

(g) BlackLivesMatter (h) Pushshift (i) Praw

Figure 8.3: Graph representation of two polarized groups per subreddit for two times-

tamps, Pushshift and Praw, for Police Violence topic.
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(b) Pushshift (c) Praw

(d) Coronavirus (e) Pushshift (f) Praw

Figure 8.4: Graph representation of two polarized groups per subreddit for two times-

tamps, Pushshift and Praw, for COVID—19 topic.
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Conclusions. The layout of Reddit platform tends the individuals in each subreddit
(community) to form a bond with the members of the subreddit and as a consequence,
they interact quite tightly either they agree or disagree. Therefore, the subreddit is
not well—separated into two subcommunities and as a result, the unsigned polarity
detection methods successfully identify that there is no polarization focusing on the
structure of each community. In other words, no unsigned intra—polarization has
been detected in Reddit. On the other hand, a quantity of signed polarization is
detected and two polarized subcommunities are engendered in which the members
within each one of the two communities agree and cross communities disagree. With

different meaning, signed intra—polarization has been detected in Reddit.

8.2 Is unsigned and signed inter—polarity detected in Reddit?

By definition of controversy and polarity, there is controversy in a network if there
are extreme points of views and as a consequence, the members of the network are
well—separated into two groups who does not communicate with the members of
the other group and are strictly connected with the members of their group or there
is connection which declares controversy. The next query that we investigate is the
quantification of unsigned and signed polarity in a network that is constructed by
two or more subreddits that is, inter—polarization. Also, we study the influence of
two clustering techniques, METIS and Real groups. However, how does this query
can be translated into the events we have selected to study? We examine each topic

separately.

Hagia—Sophia. Our assumptions about Hagia—Sophia topic of discussion is that
Turkey & Greece and Greece & Islam communities may disagree about this conver-
sion and the interactions between individuals of the communities either will not be
conspicuous or will be visible but it will convey controversy. On the other hand, we
assume that users from Turkey & Islam may agree and have common views and thus
communicate will be noticed cross these people. Lets look though, if our affairs will
be confirmed from the experimental analysis.

Initially, we observe that unsigned polarity is identified for all 2—subreddits using

Real groups clustering technique. Particularly, Random Walks (P), Betweenness and
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Table 8.6: Unsigned and signed polarity score for Turkey & Greece and for total,
non—controversial and controversial posts applying either METIS or Real groups

clustering and for two distinct timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.38,0.42,0.40 | 0.61, 0.60, 0.91
Random walks (D) | 0.33,0.31,0.30 | 0.45,0.43,0.98
Betweenness 0.64,0.72,0.69 | 0.60,0.63,0.50
Embeddings 0.31,0.31,0.30 | 0.56,0.54,0.79
GMCK 0.09,0.09,0.15 0.05,0.15,0.22
MBLB 0.16,0.15,0.15 0.09,0.10,0.07
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 6.10,5.30,3.77 5.24,5.12,3.0
Random eigensign | 4.12,3.61,2.83 3.17,3.12,2.25
Greedy 6.8,5.85,4.14 5.72,5.11,3.30
Bansal 3.42,3.38,2.8 3.42,3.18,2.8
LocalSearch 1.27,1.47,1.22 1.22,1.19,0.81

Embeddings detect unsigned inter—polarization between communities (see Table 8.6
for Turkey & Greece subreddits), The polarity score for Turkey & Islam and Greece
& Islam subreddits placed in Appendix C and the Tables are C.1 and C.2. Note, that
unsigned polarity score between Turkey & Islam is close to threshold 0.5 with which
we distinguish the existence of polarity or not in network. Moreover, GMCK and
MBLB methods do not detect polarization in any case. Furthermore, looking at the
clustering technique, we notice that using METIS clustering only Betweenness method
recognize polarity cross communities.

Afterwards, we notice that clustering technique is quite important for the most
accurate detection of polarization in the case of unsigned polarity. Specifically, METIS
clustering does not detect inter—polarization. However, Real groups clustering works
better and quantify polarity cross subreddits. Furthermore, we observe that unsigned
algorithms in combination with controversial posts quantify higher polarity score in

contrast to non—controversial posts i.e., Random Walks (P) unsigned polarity score
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Figure 8.5: Turkey & Greece graph representation of two polarized groups.

for non—controversial posts is equals to 0.60 while for controversial posts is 0.91.
Continuing the study, we focus on the detection of the two most polarized sub-
groups. The analysis focuses on the results from Random Eigensign method. We re-
mark that the highest polarity is detected within one of the two communities. To
be specific, between Turkey & Greece the most polarized groups are detected inte-
rior Turkey community (see Figure 8.5). In particular, members within the polarized
subsets either come from Turkey or are users who intermediate members of the two
subreddits (see Table 8.8). Next, cross Turkey & Islam, the polarized groups located
within Islam (see Figure 8.6) while in the case of Greece & Islam, Islam is more
polarized than Greece in non — controversial conversations (see Figure D.1 (a)-(c) in
Appendix D). Also, looking at the Table 8.7 we verity that the percentage of agree-
ment inside subgroups is positive (sign of edges is “+”) while the external either does

[T

not exist or if so, it is negative (sign of edges is “-”). Finally, as the discussion evolves

over time, we notice that the existence of polarization continues to appear, however
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Figure 8.6: Turkey & Islam graph representation of two polarized groups.

with fewer participants.

In case of 3—subreddits, Turkey & Greece & Islam, similar to the cases of 2 —
subreddits, the most polarized subsets of individuals detected inside Islam subreddit.
In Figure D.2 the graph representation of polarized groups mentioned. Also, in Table
C.3 signed polarization score presented.

Hagia—Sophia Conclusions. Accordingly, we conclude that unsigned algorithms de-
tect inter—polarization cross all 2—subreddits. Furthermore, controversial posts are
more prone to polarity than non — controversial posts. In addition, the two most po-
larized partitions of the network do not detected cross communities instead, within
one of them. In this case, Turkey is more polarized than Greece and Islam is more

polarized than Greece and Turkey. Moreover, users from different groups will not go
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Table 8.7: Hagia—Sophia. Percentage of agreement (positive edges, for short PE)
within and cross (for short CE) polarized partitions G; and G, for Praw Random

Eigensign. NC and C declare non — controversial and controversial posts.

Subreddits G1 & G5 nodes | G; PE | G, PE | CE
Turkey & Greece 2% & 12% 100% | 95% | 23%
Turkey & Greece (NC) 2% & 14% — 97% | 8%
Turkey & Greece (C) 2% & 17% 100% | 92% | 13%
Turkey & Islam 6% & 3% 93% 83% | 22%

Turkey & Islam (NC) 3% & 6% 80% | 97% | 26%
Turkey & Islam (C) 16% & 2% 95% | 100% | 0.0%

Greece & Islam 4% & 8% 77% 94% | 28%
Greece & Islam (NC) 4% & 9% 76% 96% | 25%
Greece & Islam (C) 6% & 31% — 96% | 0.0%

to the opposite community to express negative views. Finally, the intensity of signed

polarization diminishes as time passes.
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Table 8.8: Hagia—Sophia. Percentage of users from A & B subreddits and common
users in polarized groups G, and G, for Praw Random Eigensign. NC and C declare

non — controversial and controversial posts.

G G
Subreddits A & B A B | Common A B | Common
Turkey & Greece 91% - 9% 85% | 7% 8%
Turkey & Greece (NC) | 95% | 5% — 89% | 7% 4%
Turkey & Greece (C) | 100% | — — 100% | — —
Turkey & Islam 6% | 90% 4% 15% | 74% 11%
Turkey & Islam (NC) | 4% | 86% 10% 2.5% | 95% | 1.5%
Turkey & Islam (C) | 95% | 2% 3% 100% | — —
Greece & Islam - 98% 2% - 99% 1%
Greece & Islam (NC) | 2% | 98% — 1.92% | 97% | 0.96%
Greece & Islam (C) | 100% | — — 100% | — —
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Nagorno—Karabahk. Afterwards, we look into Nagorno—Karabakh conflict where
the main opposite communities are Armenia & Azerbaijan. We assume that the con-
frontation between these subreddits will be intense as well as between Armenia &
Turkey. Thus, we assume that will be no polarization between Azerbaijan & Turkey
subreddits based on the official announcement of Turkey that it is in favor of Azer-
baijan. Lets check, if our affairs will be confirmed from the experimental analysis.

Initially, looking at the unsigned polarization scores (Table 8.9 and Tables C.4, C.5
in Appendix C), we observe that non of the unsigned methods detect inter—polarization
cross cross Armenia & Azerbaijan and Azerbaijan & Turkey. Specifically, all unsigned

scores either using METIS or Real groups clustering are less than threshold 0.50. This

Table 8.9: Unsigned and signed polarity score for Armenia & Azerbaijan and for total,
non—controversial and controversial posts applying either METIS or Real groups

clustering for two timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.26,0.28,0.32 0.18,0.20,0.39
Random walks (D) | 0.24,0.21,0.39 0.0,0.0,0.38
Betweenness 0.70,0.69,.0.66 | 0.78,0.78,0.60
Embeddings 0.32,0.34,0.24 0.35,0.38,0.43
GMCK 0.0,0.0,0.07 0.0,0.0,0.03
MBLB 0.12,0.12,0.13 0.12,0.12,0.15
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 80.37,79.86,13.10 | 74.08,73.71,12.32
Random eigensign | 54.16,53.62,9.61 | 51.02,50.61,8.06
Greedy 80.48,79.94,13.24 | 74.14,73.72,12.49
Bansal 50.32,49.68,7.65 | 42.36,42.75,6.55
LocalSearch 7.27,7.30,2.06 6.53,6.06, 1.60

means that users both from Armenia & Azerbaijan and Azerbaijan & Turkey have
tight connections and the structure of their interactions are not well — separated into
two disjoint subgroups. Note, that both opposite subreddits interact with each other

not knowing the type of interaction but only the occurrence of interaction. However,
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(a) Armenia & Azerbaijan (b) Pushshift (c) Praw

(d) Non—Controversial (e) Pushshift (f) Praw

(g) Controversial (h) Pushshift (i) Praw

Figure 8.7: Armenia & Azerbaijan graph representation of two polarized groups.

only Betweenness metric quantify unsigned inter — polarization higher than thresh-
old 0.50 in all 2—subreddits options. Note that the unsigned polarization Betweenness
score cross Azerbaijan & Turkey ranges is low values that is, 0.57 score. Furthermore,
we observe that unsigned algorithms in combination with controversial posts quantify
higher polarity score in contrast to non—controversial posts i.e., Random Walks (P)
unsigned polarity score for non—controversial posts is equals to 0.20 while for con-
troversial posts is 0.39. Similarly, Random Walks (D), Embeddings, GMCK and MBLB
measure slightly higher inter — polarity.

Continuing, the analysis focuses on Random Eigensign signed inter — polarization
and the two most polarized subgroups. We remark that the highest polarity is de-
tected within one of the two communities (see Figures 8.7, 8.8 and Figure D.3 in

Appendix D). To be specific, between Armenia & Azerbaijan and Armenia & Turkey,
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(a) Armenia & Turkey (b) Pushshift (¢) Praw

(d) Non—Controversial (e) Pushshift (f) Praw

(g) Controversial (h) Pushshift (i) Praw

Figure 8.8: Armenia & Turkey graph representation of two polarized groups.

the most polarized groups are detected interior Armenia community, while in the
case of Azerbaijan & Turkey, Azerbaijan is more polarized than Turkey. Also, look-
ing at the Table 8.10, we observe that the percentage of agreement inside subgroups
is positive (sign of edges is “+”) while the external either does not exist or if so, it

3

is negative (sign of edges is “-”). Moreover, in Table 8.11 the percentage of users
from each subreddit that belongs in each one of the polarized groups referred. In
particular, cross Armenia & Turkey and Azerbaijan & Turkey the polarized sub —
communities consist of Armenian and common users who participate in both com-
munities. In addition, we notice that as the discussion evolves over time, the existence

of inter — polarization continues to exist, however with fewer participants.
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Table 8.10: Nagorno—Karabahk. Percentage of agreement (positive edges, for short
PE) within and cross (for short CE) polarized partitions G; and G, for Praw Random

Eigensign. NC and C are for non — controversial and controversial posts.

Subreddits G, & G5 nodes | G; PE | G, PE CE
Armenia & Azerbaijan 9%, 0.04% 90% — 0.0%
Armenia & Azerbaijan (NC) 0.10%, 10% - 90% | 0.0%
Armenia & Azerbaijan (C) 0.56%, 12% — 93% 18%
Armenia & Turkey 12%, 0.06% 90% — 0.0%
Armenia & Turkey (NC) 0.10%, 12% — 90% 492%
Armenia & Turkey (C) 11%, 0.76% 93% — 46%
Azerbaijan & Turkey 14%, 0.43% 96% 100% | 25%

Azerbaijan & Turkey (NC) 16%, 0.65% 96% — 49
Azerbaijan & Turkey (C) 17%, 2% 97% 0.0% | 12.5%

Table 8.11: Nagorno—Karabahk. Percentage of users from A and B subreddits (A & B
subreddits) and from common users in each polarized group G; and G, using Praw
Random Eigensign. NC and C are for non — controversial and controversial posts

respectively.

G 1 GQ
Subreddits A B Common A B | Common

Armenia & Azerbaijan 66% | 2% 32% 100% | — —

Armenia & Azerbaijan (NC) | 75% | 25% - 68% | 2% 30%
Armenia & Azerbaijan (C) | 66% | 34% — 93% | — 7%
Armenia & Turkey 98% | — 2% 100% | — -
Armenia & Turkey (NC) | 100% | - - 98% | — 2%
Armenia & Turkey (C) 9% | — 1% 100% | — -
Azerbaijan & Turkey 82% | 2% 16% 88% | — 12%

Azerbaijan & Turkey (NC) | 82% | 1% 17% 7% | 8% 15%
Azerbaijan & Turkey (C) 84% | 10% 6% 100% | — -
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Furthermore, in case of Armenia & Azerbaijan & Turkey (3—subreddits), similar
to the cases of 2—subreddits, the most polarized subsets of individuals detected inside
Armenia subreddit. Figure D.4 in Appendix D displays the two most polarized groups

in 3—subreddits graph and Table C in Appendix C mentions the signed polarity score.

Nagorno—Karabahk conclusions. We conclude that unsigned algorithms does
not detect inter—polarization cross Armenia & Azerbaijan and Azerbaijan & Turkey
except Betweenness polarity score. Furthermore, controversial posts are more prone to
polarity than non — controversial posts. In addition, the two most polarized partitions
of the network do not detected cross communities instead, within one of them. In
this case, Armenia is more polarized than Azerbaijan and Turkey and Azerbaijan is
more polarized than Turkey. Moreover, users from different groups will not go to
the opposite community to express negative views. Finally, the intensity of signed

polarization diminishes as time evolves.

Police Violence. The next topic of discussion is about Police Violence and the main
three subreddits are Unpopularopinion, Bad_Cop_No_Donut and BlackLivesMatter.
We assume that Bad_Cop_No_Donut and BlackLivesMatter consist of users who are
against police violence according to the description in Reddit and therefore there
will be no conflict between them. Contrary to the community Unpopularopinion, our
main assumption is that there will be intense disagreement and polarization with
the members of the other two subreddits. At this point, we will check whether our
assumptions will be confirmed or not through experimental analysis.

Initially, we look at the unsigned inter — polarization results. Table 8.12 indicates
the relevant results between Unpopularopinion & Bad_Cop_No_Donut (see Tables
C.7 and C.8 for Unpopularopinion & BlackLivesMatter and Bad_Cop_No_Donut &
BlackLivesMatter in Appendix C). We observe that Random Walks (P) and Between-
ness using METIS clustering detect high polarization cross subreddits. On the other
hand, Random Walks (P), Random Walks (D), Betweenness and Embeddings using Real
groups clustering quantify polarization cross subreddits. Furthermore, we notice that
using Real groups clustering, the polarity in controversial conversations is more prone
than non — controversial conversations. That is, Random Walks (D) score is equals
to 0.52 for non — controversial conversations while it is equals to 0.88 for contro-

versial conversations. Also, our assumption that no inter — polarization exists cross

77



Table 8.12: Unsigned and signed polarity score for Unpopularopinion &
Bad_Cop_No_Donut for total, non—controversial and controversial posts applying

either METIS or Real groups clustering and for two timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.74,0.76,0.49 | 0.77,0.78,0.85
Random walks (D) | 0.32,0.35,0.19 | 0.51,0.52,0.88
Betweenness 0.87,0.87,0.84 | 0.86,0.86,0.38
Embeddings 0.44,0.47,0.04 | 0.54,0.55,0.60
GMCK 0.19,0.19,0.18 0.08,0.07,0.13
MBLB 0.12,0.11,0.15 0.10,0.10, 0.06
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 6.64,6.67,3.0 6.46,6.52,2.61
Random eigensign | 2.49,2.50,1.91 2.39,2.36,1.89
Greedy 7.61,7.61,3.33 7.71,7.68,2.85
Bansal 4.93,4.93,3.27 4.58,4.58,2.8
LocalSearch 1.13,1.43,1.17 1.25,1.14,1.04

Bad_Cop_No_Donut & BlackLivesMatter does not confirmed.

Continuing with signed inter — polarization analysis, we observe similar results to
those from Hagia — Sophia discussions and the Nagorno — Karabahk conflict. That
is, the highest polarity is detected within one of the two communities (see Figures
8.9 and 8.10 for Unpopularopinion & Bad_Cop_No_Donut and Unpopularopinion &
BlackLivesMatter respectively, Figure D.5 for Bad_Cop_No_Donut & BlackLivesMat-
ter in Appendix D). To be specific, between Unpopualopinion & Bad_Cop_No_Donut
and Unpopualopinion & BlackLivesMatter, the most polarized groups are detected
interior Unpopualopinion community, while in the case of Bad_Cop_No_Donut &
BlackLivesMatter, Bad_Cop_No_Donut is more polarized than BlackLivesMatter. Also,
looking at the Table 8.13, we observe that the percentage of agreement inside sub-
groups is high (sign of edges is “+”) while the external either does not exist or if so, it

[T

is negative (sign of edges is “-””). Moreover, in Table 8.14 the percentage of users from

each subreddit that belongs in each one of the polarized groups mention. Finally, we
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(a) Unpopularopinion &
Bad_Cop_No_Donut (b) Pushshift (c) Praw

(f) Praw

(g) Controversial (h) Pushshift (i) Praw

Figure 8.9: Unpopularopinion & Bad_Cop_No_Donut graph representation of two

polarized groups.

notice that as the discussion evolves over time, the existence of inter — polarization

continues to exist, however with fewer participants.

Police Violence conclusions. We conclude that Random Walk (P), Random Walk (D),
Betweenness and Embeddings detect unsigned inter — polarity cross all 2 — subreddits
using Real groups clustering. Furthermore, polarity increases as more controversy
exists in the network. Additionally, the two most polarized partitions of the network
do not detected cross communities instead, within one of them. In this case, Unpop-
ularopinion is more polarized than Bad_Cop_No_Donut and BlackLivesMatter while

and Bad_Cop_No_Donut is more polarized than BlackLivesMatter. Moreover, users
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Table 8.13: Police Violence. Percentage of agreement (positive edges, for short PE)
within and cross (for short CE) polarized partitions G; and G, for Praw Random

Eigensign. NC and C are for non — controversial and controversial posts.

Subreddits G1 & G5 nodes | G; PE | G, PE | CE

Unpopualopinion

5%, 0.49% 9% | 66% | 23%
& Bad_Cop_No_Donut

Unpopualopinion

& Bad_Cop_No_Donut (NC)
Unpopualopinion

& Bad_Cop_No_Donut (C)

0.51%, 5% 50% 97% | 31%

1.29%, 1.29% | 100% | 90% | 17%

Unpopualopinion

7%, 0.73% 98% 40% | 24%
& BlackLivesMatter

Unpopualopinion

7%, 0.85% 98% 50% | 29%
& BlackLivesMatter (NC)

Unpopualopinion
& BlackLivesMatter (C)
Bad_Cop_No_Donut
& BlackLivesMatter
Bad_Cop_No_Donut
& BlackLivesMatter (NC)
Bad_Cop_No_Donut
& BlackLivesMatter (C)

1%, 1% 100% | 90% | 10%

0.68%, 4% 100% | 99% | 4%

4.17%, 0.75% 99% | 100% | 3%

15%, 1% 98% — —

from different groups will not go to the opposite community to express negative

views. Finally, the intensity of signed polarization diminishes as time evolves.
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(a) Unpopularopinion &

BlackLivesMatter (c) Praw

(d) Non—Controversial (e) Pushshift (f) Praw

L4

(g) Controversial (h) Pushshift (i) Praw

Figure 8.10: Unpopularopinion & BlackLivesMatter graph representation of two po-

larized groups.
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Table 8.14: Police Violence. Percentage of users from A and B subreddits (A & B
subreddits) and from common users in each polarized group G; and G5 using Praw

Random Eigensign. NC and C are for non — controversial and controversial posts

respectively.
Gl GQ
Subreddits (A & B) A B Common | A B Common
Unpopualopinion
99% | 0.07% | 1.13% 94% | 2% 4%
& Bad_Cop_No_Donut
Unpopualopinion
95% 2% 3% 98% - 2%
& Bad_Cop_No_Donut (NC)
Unpopualopinion
Pop P 100% - - 100% - -

& Bad_Cop_No_Donut (C)

Unpopualopinion
& BlackLivesMatter

99% | 0.50% | 0.50% | 100% - -

Unpopualopinion

99.5% — 0.5% 100% — —
& BlackLivesMatter (NC)

Unpopualopinion

100% — — 100% — —
& BlackLivesMatter (C)

Bad_Cop_No_Donut
& BlackLivesMatter

99% 1% - 99% - -

Bad_Cop_No_Donut

99% 0.5% 0.5% 99% — 1%
& BlackLivesMatter (NC)

Bad_Cop_No_Donut

— 100% — — 100% —
& BlackLivesMatter (C)
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COVID—19. The final topic we investigate is about Coronavirus pandemic namely,
COVID—19. The communities we worked with are China_Flu and Coronavirus. [17]
claims that initially these two communities consist of shared users who initially they
had similar views but later the users started not to overlap and China_ Flu users
become more aggressive than Coronavirus. Therefore, based on this assumption we
assume that users between these communities will be polarized and will not com-
municate with each other. Let us see if our assumption will be verified through
experimental analysis.

Firstly, we look at the unsigned inter — polarization (see Table 8.15). We observe
that none of the proposed algorithm do not detect polarity cross China_Flu & Coro-
navirus. This is happening because users interact with each other and therefore keep
these two communities connected. However, as we have observed in the other top-
ics of discussion, Hagia — Sophia, Nagorno — Karabakh conflict and Police Violence,

Betweenness unsigned polarization score quantify high polarity cross subreddits. Fur-

Table 8.15: Unsigned and signed polarity score for China_Flu & Coronavirus for total,
non—controversial and controversial posts applying either METIS or Real groups

clustering for two timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) 0.19, 0.19, 0.42 0.11, 0.12, 0.27
Random walks (D) 0.0, 0.0, 0.13 0.0, 0.0, 0.05
Betweenness 0.63, 0.65, 0.76 0.74, 0.76, 0.84
Embeddings 0.13, 0.15, 0.38 0.29, 0.29, 0.25
GMCK 0.09, 0.10, 0.15 0.0, 0.0, 0.0
MBLB 0.10, 0.14, 0.13 0.10, 0.13, 0.15
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 87.24, 85.25, 10.96 | 73.47, 72.19, 7.87
Random eigensign | 29.13, 27.91, 6.22 | 20.21, 19.05, 4.18
Greedy 89.23, 87.25, 13.53 | 76.58, 75.20, 10.48
Bansal 19.76, 19.94, 4.80 | 15.85, 15.99, 3.52
LocalSearch 414, 4.00, 2.21 3.18, 3.24, 1.67
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Table 8.16: COVID—19. Percentage of agreement (positive edges, for short PE) within
and cross (for short CE) polarized partitions G; and G; for Praw Random Eigensign.

NC and C are for non — controversial and controversial posts.

Subreddits G1 & G5 nodes | G; PE | G, PE | CE
China_Flu

& Coronavirus
China_Flu
& Coronavirus (NC)
China_Flu

& Coronavirus (C)

0.57%, 6.33% 67% 86% | 42%

0.58%, 6.32% 70% 86% | 43%

0.53%, 6.12% | 86% 89% | 48%

Table 8.17: COVID—19. Percentage of users from A & B subreddits and from common
users in each polarized group G; and (3 using Praw Random Eigensign. NC and C

are for non — controversial and controversial posts respectively.

Gl GQ
Subreddits (A & B) A B Common A B Common

China_Flu
3% | 90% 7% 4% | 81% 15%
& Coronavirus
China_Flu
& Coronavirus (NC)

China_Flu

3% | 89% 8% 3% | 82% 15%

36% | 47% 17% 36% | 42% 22%

& Coronavirus (C)

thermore, we notice that in the case of controversial posts almost all the proposed
algorithms measure higher polarity than non — controversial posts.

After that, we analyze signed inter — polarization between China_Flu & Coron-
avirus focusing on Random Eigensign method. Initially, Figure 8.11 shows the graph
representation of two polarized groups applying the signed Random FEigensign algo-
rithm. Looking at Tables 8.16 and 8.17, we observe that Coronavirus subreddit is
more polarized than China_Flu. Particularly, the percentage of positive edges within
each polarized group is high while cross them the percentage of negative edges is

higher. Finally, we notice that inter — polarization decreases as time passes.
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COVID—-19 conclusions. We conclude that only Betweenness detect signed inter
— polarity. Moreover, polarity increases as more controversy exists in the network.

Also, Coronavirus subreddit is more polarized than China_Flu.

(a) China_Flu & Coron-
avirus (b) Pushshift (c) Praw

(d) Non—Controversial (e) Pushshift (f) Praw

(g) Controversial (h) Pushshift (i) Praw

Figure 8.11: China_Flu & Coronavirus graph representation of two polarized groups.
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Overall conclusions. Initially, the unsigned Betweenness metric, regardless of the
clustering technique (METIS and Real groups) and the topic of discussion, always
detects inter — polarization between communities. On the contrary, Random Walks (P),
Random Walks (D) and Embeddings unsigned metrics in combination with Real group
clustering detect inter — polarization in both non — controversial and controversial
conversations. At the same time, we conclude that Random Walks (P), Random Walks
(D) and Embeddings metrics quantify unsigned polarization higher in the case of
controversial submissions than non — controversial ones. In other words, controversial
discussions increase inter — polarization of communities.

Furthermore, studying the signed inter — polarization, we conclude that polariza-
tion is not detected between actual communities, on the contrary, the most polarized
subgroups are within one of the two communities. We have also noticed that the
communication between the members of the opposite communities is quite a large
percentage positive, i.e., there is an agreement between them. This leads to the con-
clusion that users who discuss a common topic and are in two communities who
theoretically have opposing sights will not join to the opposite group to create con-
troversy. Moreover, polarization decreases over time. That is, the users who consist
the two most polarized groups stop joining them and the polarized subgroups consist

of fewer participants.
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8.3 What are the common motifs of user interaction in the case of

non — controversial and controversial posts?

The extraction of motifs either in static or temporal networks leads to conclusions by
which we can discover hidden properties of the network structure, i.e. motifs that
concern the interaction of network users when they refer to a particular type of dis-
cussion such as, politics, sports, education etc. or once more user interaction motifs
either in controversial or non—controversial discussions. Also, basis of definition of
temporal motifs, may find motifs that change as time progresses and thereby under-
stand in depth the structure of the networks and the relation between members of
the network. Accurately, we inspect temporal motifs in all generated AUG, graphs
either per community individually or per 2—subreddits and 3—subreddits separately
and studying both controversial or non—controversial posts. We work on §—duration
motifs where § = 1 month. All the possible 2—node and 3—node temporal motifs (36
in total) presented in Figure 8.12.
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Figure 8.12: All 2—node and 3—node, 3—edge 5—temporal motifs. We index the 36
motifs Mi, ¢ € [1,36]. M25, M26, M31 and M32 are the 2—node motifs and M3,
M4, M9, M10, M17, M18, M23 and M24 are the eight triangles. The rest motifs are
stars. The first edge in each motif is from the green to the orange node. The second

edge is the same along each row, and the third edge is the same along each column.

At first, we investigate motifs between non—controversial and controversial posts
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Table 8.18: Proportion of 4—top most frequent temporal motifs per 2—subreddits

graphs for non—controversial posts.

Subreddits Temporal motifs (M)

Turkey & Greece M15, 6.96% M5, 6.76% | M30, 6.70% | M29, 6.16%
Turkey & Islam Mb, 7.06% M30, 6.95% | M1b, 6.44% | M12, 5.92%
Greece & Islam M5, 6.97% M30, 6.97% | M15, 6.40% | M29, 5.99%
Armenia & Azerbaijan M36, 22.54% | M6, 16.86% | M1, 13.35% | M34, 3.84%
Armenia & Turkey M36, 22.87% | M6, 17.07% | M1, 13.54% | M34, 3.76%
Azerbaijan & Turkey M36, 12.31% | M6, 10.24% M1, 8.57% | M34, 5.55%
China_Flu & Coronavirus | M1, 28.11% | M34, 20.84% | M6, 7.88% | M36, 5.21%

Unpopularopinion
M6, 12.13% | M36, 11.30% | M15, 5.68% | M5, 5.59%

& Bad_Cop_No_Donut

Unpopularopinion
M6, 13.50% | M36, 12.91% | M1, 5.48% | M30, 5.27%

& BlackLivesMatter

Bad_Cop_No_Donut
M15, 7.59% M21, 6.96% | M22, 6.89% | Mb, 6.40%

& BlackLivesMatter

for all 2—subreddits graphs. In Tables 8.18 and 8.19, the proportion of 4—top most
frequent temporal motifs mentioned. The first observation is that no motif stands out
among the best of them. That is, the rate of occurrence of the most frequent motif
from each topic of discussion is not particularly high so as to distinguish it from
the rest of them whether we are referring to non—controversial or controversial case.
Nevertheless, M6 and M36 were observed to appear in the 2—top most frequent
motifs of non—controversial posts in discussions about Nagorno—Karabakh conflict
and Police Violence. The communication between 3 — node users has the tendency

two of the three nodes reply to the 3rd node without him giving a response back.

L S

M6 %  M36

Figure 8.13: Most frequent motifs for 2—subreddits graphs for non—controversial

posts.
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Table 8.19: Proportion of 4—top most frequent temporal motifs per 2—subreddits

graphs for controversial posts.

& BlackLivesMatter

Subreddits Temporal motifs (M)

Turkey & Greece M30, 7.27% | Mb, 7.15% | M1b, 7.10% | M29, 6.79%
Turkey & Islam M5, 7.31% | M1b, 7.24% | M30, 7.08% | M29, 6.62%
Greece & Islam M15, 12.70% | M5, 9.77% | M30, 9.44% | M22, 7.16%
Armenia & Azerbaijan M15, 6.66% | M22, 6.32% | Mb, 6.31% | M12, 5.81%
Armenia & Turkey M15, 6.77% | M22, 6.37% | Mb5, 6.19% | M27, 5.74%
Azerbaijan & Turkey Mb, 7.34% | M12, 6.57% | M1b, 6.48% | M30, 6.28%
China_Flu & Coronavirus | M36, 7.50% | M6, 7.29% | M30, 6.20% | M28, 6.13%

Unpopularopinion
M5, 5.30% | M25, 5.02% | M12, 4.80% | M32, 4.73%

& Bad_Cop_No_Donut

Unpopularopinion
M5, 5.29% | M25, 4.97% | M12, 4.77% | M32, 4.69%

& BlackLivesMatter

Bad_Cop_No_Donut
M5, 7.64% | M12, 6.90% | M15, 6.57% | M22, 5.96%

About controversial posts, we perceive that motif M5 appears in 3—top most

frequent temporal motifs in 9 out of 10 in total 2—subreddits graphs that arise from

all four topics of discussion. It should be noted that its incidence rate does not

differ from the others but it happens to be in 3—top most frequent. The M5 motif

a communication trend between 3—users in which initially two users respond to the

third and then the third user responds to the user who last contacted him. That

is, in contrast to non—controversial posts, in this case there is an answer back to

someone who contacted me. Finally, it should be noted that the most common motifs

in 2—subreddits and 3—subreddits are a combination of the motifs that appear in

each subreddit individually (see Tables in Appendix E.1, E.2 and E.3).

*

M5

o« -

P~

Figure 8.14: Most frequent motif for 2—subreddits graphs for controversial posts.
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Conclusions. Overall, no motif was found with a significant incidence rate from
the other motifs. However, we notice that in non—controversial posts, users lead not
reply back to someone who replied to them. Finally, we observe that in controversial

posts, users reply back to users who have contacted them.
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8.4 What are the common motifs of comments in a discussion?

The existence of motifs within a network can bring interesting results for study.
We have already studied the detection of temporal motifs between users interaction
using information from aggregate user conversation AUG,, and AUG, graphs. How-
ever, interesting motifs can also emerge by studying the structure of the discussions,
in Reddit. Accurately, we inspect path temporal motifs in all CG graphs. Our goal is
to compare the possible 3—node path motifs between non—controversial and contro-
versial posts. By discovering such motifs, we may be able to understand the way in
which the comments evolve in a discussion, i.e. a negative comment is followed by a
positive comment or vice versa. All the possible 3—node temporal path motifs (8 in

total) presented in Figure 8.15.
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Figure 8.15: All 2—node, 2—edge motifs. We index the 8 motifs Pi, i € [1, 8]. The red

node has below or equal to zero upvote score and green node has over zero upvote

score.

At the begging, we focus on non—controversial posts. In Table 8.20, we notice
that the most likely to occur path motif is P1 regardless of the time of collection of
the score value, Pushshift or Praw. However, the probability of P1 appearing is much
lower with the use of Praw comment upvote score compared to the use of Pushshsift
score. The explanation of this motif in a real discussion is interpreted as follows, in
non—controversial conversations, it is more likely that users agree as the definition
of what controversial post means.

Afterwards, investigating controversial posts, we observe that path motifs depend
to a large extent on the time of collection of comment score (see Table 8.21). Espe-
cially, we notice that at the beginning of the discussion no dispute has yet developed

between the participants. However, over time and as the discussions are more compre-
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Table 8.20: Proportion of 2—top most frequent temporal path motifs per subreddit

for non—controversial posts.

Path motifs (P)

Subreddits Pushshift | Praw Pushshift | Praw
Turkey P1, 88% | P1, 61% P3, 3% P3, 17%
Greece P1, 89% | P1, 59% P3, 4% P6, 11%
Islam P1, 68% | P1, 54% P3, 14% | P3, 19%

Armenia P1, 87% | P1, 75% P3, 4% P3, 9%

Azerbaijan P1, 97% | P1, 55% || P6, 0.68% | P3, 21%
Turkey P1, 89% | P1, 80% P3, 5% P3, 9%

China_Flu P1, 92% | P1, 76% P3, 3% P3, 9%

Coronavirus P1, 83% | P1, 70% P3,6% | P3, 12%

Unpopularopinion | P1,77% | P1,57% | P3,9% | P3, 16%
Bad_Cop_No_Donut | P1, 91% | P1, 71% P3, 4% P3, 15%
BlackLivesMatter P1, 87% | P1, 80% P3, 6% P3, 10%

hensive we find that in controversial issues the most common pattern of discussion is
the P5 that is, after a negative comment (disagreement) two positive comments follow.
Also, it is very interesting that the second most frequent path motif is P6. In this case,

we observe that a positive comment a positive comment is between two negative ones.

Conclusions. Overall, the evolution of a discussion on a non — controversial topic
of discussion follows a common motif that is, positive comments are followed by
positive comments. In contrast to the controversial issues, in case a negative comment
is detected then the probability of a positive response is quite high. Furthermore, if a
disagreement arises then the most likely flow of the discussion is to alternate positive

with negative views.
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Table 8.21: Proportion of 2—top most frequent temporal path motifs per subreddit

for controversial posts.

Path motifs (P)

Subreddits Pushshift | Praw Pushshift | Praw
Turkey P1,78% | P5,50% | Pb5, 10% | P6, 24%
Greece P1, 73% | P1, 49% | P5, 12% | P6, 20%
Islam P1, 33% | P5,60% | P5, 25% | P7, 15%

Armenia P1, 80% | P5, 55% P3, 6% | P1, 18%

Azerbaijan P1, 78% | P5, 53% | P2, 10% | P1, 20%
Turkey P1, 100% | P5, 63% — P6, 18%

China_Flu P1,87% | P5,63% | P2, 4% | P6, 13%

Coronavirus P1, 76% | P5, 57% P5, 9% | P6, 13%

Unpopularopinion | P1, 63% | P5, 45% | P5, 12% | P6, 20%
Bad_Cop_No_Donut | P1, 85% | P5, 48% | P5, 10% | P6, 30%
BlackLivesMatter P1, 65% | P5, 68% || Pb, 18% | P6, 17%
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8.9 Case study of content analysis

Another way of approaching our questions could be by analyzing the meaning of
the comment. As already mentioned, we define comment positive if the number of
upvotes is more than the number of downvotes. The limitation of this assumption is
that a downvote does not provide a global quality assessment of a comment. Rather,
a downvoted comment within a subreddit signifies that this particular subreddit
perceives the comment as low quality. This is a localized definition of quality defined
by the subreddit and it is consistent with Brunton’s model of spam. This case study
is an analysis of comments within and cross the two most polarized communities that
Random Eigensign detects.

The analysis concerns the content of the comments about the conversion of Hagia
— Sophia into a mosque topic. Some of the most positive (higher score) and negative

(lower score) comments between the two polarized groups are reported below.

7

Imagine being a mathematics teacher and instead of doing something useful, like
dedicating your life to improving the quality of education in Turkey and the quality
of schools so the nation can have a smarter, more knowledgeable future generation
(something actually encouraged by Islam), you dedicate your efforts to pestering the

authorities to turn a bunch of former mosques back into mosques again. Score 4

In Ottoman times when a Census was taken women were not counted. But Cattle were
counted. Life was hundreds of years behind the West. Ataturk correctly worked out that
Islam was the cause and sent people to be educated in the West. He modernized Turkey
up to and beyond some European standards at the time on the basis of secularism.
Now the backwards Islamists are coming back to power all rights are being stripped,
freedoms stripped, education crumbling. It’s all due to primitive Islamists like those

in this video. Score 20

That house has no spiritual, cultural, or historical value. Kemalism is not to worship
Atatiirk, but to follow the path it shows and to protect the existence of the country

and the nation, to work for its future. Score 7

This was a secular decision. Why would anyone from r/Islam or r/Pakistan complain

when today was a victory for islam in Turkey? Cry more. Score -31
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It was a mosque for half a millennia, the real criticism should be why Ataturk had the
audacity to oppose the will of the people and change it to a museum in the first place.
Because of your worship of Ataturk you don’t dare ask this basic question. Secondly,

this change does not mean non Muslims can’t visit it or pray in it as well. Score -4

Just to let you know, it’s not just "Turkey” that has that knowing the contact or being

related to get the job, it’s happening everywhere in the world. Score -8

Looking at the positive comments cross polarized subgroups in Turkey subreddit,
we notice that positive comments either refer to historical evidence or are in favor of
preserving Hagia — Sophia as a museum. Additionally, analysis negative comments,
we observe that the content either is ironic or expresses quite extreme views. In order

for text analysis to be more valid, a stance or sentiment analysis tool must be applied.
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CHAPTER 9

ConcLusioNns AND FuTurRe WoORK

This thesis investigate the problem of polarization in social media platforms during
controversial discussions in Reddit. We define that the network is polarized if it is
divided into two disjoint where either there is no communication between them or
when communication exists, it expresses disagreement. Also, we define two types of
polarization, unsigned and signed polarization. There is unsigned polarization within
one (intra — polarization) or more (inter — polarization) communities if members are
divided into two groups with opposing views on a specific topic of discussion and
there is no communication between them. We define signed polarization within one
(intra — polarization) or more (inter — polarization) communities if members within
each community agree between them and disagree with members of the opposite
community.

After that, we set the main research queries. Particularly, we investigate the un-
signed and signed inter and intra polarization in four topics of discussions. Also,
we investigate if controversial posts increase polarization in Reddit and finally, we
explore common motifs of user interaction in the comments of a discussion in the
case of controversial and non—controversial posts. To address these questions, we
construct aggregated user conversation graphs (AUG), whose nodes are users and
there is an edge between two users if the corresponding users responded to each
other. We study both unsigned AUGSs and signed AUGs where the sign of an edge
is induced by the controversy score of the comments (a plus sign on an edge express
agreement and a minus signed disagreement between the two users connected by the

edge).
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We conclude that, no unsigned intra—polarization has been detected in Reddit.
On the contrary, signed intra—polarization exists and the members within each one of
the two polarized communities agree and cross communities disagree. Furthermore,
metrics based on Random Walks, Betweenness centrality of edges and Embeddings detect
unsigned inter — polarization between communities. Also, controversial discussions
increase inter — polarization In Reddit. Moreover, the two most polarized subgroups
cross more subreddits are detected within one of the two subreddits that is, users
who discuss a common topic and are in two communities who theoretically have
opposing sights will not join to the opposite group to create controversy. In addition,
polarization decreases over time. About temporal motifs, no motif was found with a
significant incidence rate from the other motifs.

Finally, some limitations during our implementation have been observed. Specifi-
cally, we define a comment positive if the number of upvotes is more than downvotes.
This assumptions is not strongly valid because a downvote does not provide a global
quality assessment of a comment. Rather, a downvoted comment within a subreddit
signifies that this particular subreddit perceives the comment as low quality. Further-
more, one more limitation is the way we select the topics we studied. Their choice
was handpicked and and we focused mainly on controversial discussion something
that can be considered a disadvantage. Consequently, some future extensions of this
current dissertation is to apply tools for stance and sentiment comment analysis. So as
to determine whether we can identify a negative comment both with its significance
and with the number of votes it receives. Finally an additional extension is related
to the temporal motifs in Reddit. Specifically, we would like to try to add sign to
the motifs between users. In this way, we could find some correlation between user

motifs and path motifs.
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APPENDIX A

ALGORITHMS

Algorithm A.1 Metis Clustering

Require: Undirected graph G(V, E)
Ensure: Two polarized partitions X and Y of the graph G

1:
2:

// Phase 1: Coarsening phase

Partition V' nodes into k subsets, Vp, Vi, ...,V such that V;NV; =0 for i # j and
\Vi| = |—Z| subject to the sum of the edge—weights of £ whose incident vertices
belong to different subsets is minimized.

Generate a sequence of graphs Gy, Gy, ..., Gy, where |V;| > |[V;]and 0 <1i < j < k.

: // Phase 2: Partitioning phase
: A partition P of the graph G, = (Vj, E}) is computed based on the Kernighan &

Lin algorithm. The size of each patrition is same.

: // Phase 3: Uncoarsening phase

The partition P, of Gy is projected back to Gy by going through intermediate
partitions Py, Py, ..., P, F. If X and Y are the two parts of the bisection, a
refinement algorithm selects X’ C X and Y’ C Y such that {X — X'} UY’, and
{Y =Y’} U X’ is a bisection with a smaller edge—cut.

Return two partitions of the graph, X’ and Y’
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APPENDIX B

SIZE OF GRAPHS

Table B.1: Size of 2—subreddits AUG, and AUG,, graphs.

Subreddits Nodes (AUG,) | Edges (AUG,) || Nodes (AUG,) | Edges (AUG,)
Turkey & Greece 560 2,435 1,288 2,331
Turkey & Islam 926 4943 1,883 3,603
Greece & Islam 673 3,676 1,288 2,330

Armenia
2,876 92,614 4133 34,272
& Azerbaijan
Armenia & Turkey 2,204 78,151 3,251 27,100
Azerbaijan & Turkey 1,267 15,502 2,069 8,540
China_Flu
180,554 1,757,452 279,692 1,394,768
& Coronavirus
Unpopularopinion
9,396 43,917 28,259 42,695
& Bad_Cop_No_Donut
Unpopularopinion
6,624 32,801 18,975 29,017
& BlackLivesMatter
Bad_Cop_No_Donut
3,580 13,507 14,844 20,274
& BlackLivesMatter
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Table B.2: Size of 2—subreddits AUG,; and AUG,, graphs for non—controversial posts.

Subreddits Nodes (AUG,) | Edges (AUG,) || Nodes (AUG,) | Edges (AUG,)
Turkey & Greece 411 1,656 1,044 1,731
Turkey & Islam 803 4,190 1,669 3,033
Greece & Islam 638 3,487 1,222 2,183

Armenia
2,698 87,420 3,886 32,266
& Azerbaijan
Armenia & Turkey 2,021 73,911 2,977 25,399
Azerbaijan & Turkey 1,196 14,274 1,970 7,993
China_Flu
160,447 1,704,536 275,763 1,346,856
& Coronavirus
Unpopularopinion
8,549 37,856 26,705 39,619
& Bad_Cop_No_Donut
Unpopularopinion
5,739 26,747 17,133 25,634
& BlackLivesMatter
Bad_Cop_No_Donut
3,485 13,030 14,345 19,598

& BlackLivesMatter




Table B.3: Size of 2—subreddits AUG,; and AUG,, graphs for controversial posts.

Subreddits Nodes (AUG,) | Edges (AUG,) || Nodes (AUG,) | Edges (AUG,)
Turkey & Greece 106 410 414 600
Turkey & Islam 112 435 404 579
Greece & Islam 16 43 64 83

Armenia
633 4,494 1,054 2,664
& Azerbaijan
Armenia & Turkey 507 3,630 910 2,314
Azerbaijan & Turkey 183 994 369 591
China_Flu
9,144 52,916 20,840 52,292
& Coronavirus
Unpopularopinion
POP P 837 4 506 2,159 2,950
& Bad_Cop_No_Donut
Unpopularopinion
poP P 832 4 447 2,366 3,190
& BlackLivesMatter
Bad_Cop_No_Donut
27 100 325 368

& BlackLivesMatter
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Table

B.4: Size

of 3—subreddits

AUG,

and AUG,

non—controversial (NC) and controversial (C) posts.

graphs

from

Subreddits

Nodes
(AUG,)

Edges
(AUG,)

Nodes
(AUG,)

Edges
(AUG,)

Turkey
& Greece
& Islam

1,072

5,582

2,180

4,132

Turkey
& Greece
& Islam (NC)

925

4,716

1,932

3,476

Turkey
& Greece
& Islam (C)

112

435

467

662

Armenia
& Azerbaijan
& Turkey

2,980

93,404

4,350

34,910

Armenia
& Azerbaijan
& Turkey (NC)

2,785

88,033

4,085

32,786

Armenia
& Azerbaijan
& Turkey (C)

657

4,609

1,128

2,784

Unpopularopinion
& Bad_Cop_No_Donut
& BlackLivesMatter

9,897

45,592

30,816

46,026

Unpopularopinion
& Bad_Cop_No_Donut
& BlackLivesMatter (NC)

8,972

39,237

28,890

42,455

Unpopularopinion
& Bad_Cop_No_Donut
& BlackLivesMatter (C)

837

4,506

2,487

3,324
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Table B.5: Percentage of users (first line) and percentage of positive edges using
Pushshift and Praw sign (second line) per subreddit in 2—subreddits AUG, graphs

(A & B). Common are the users who participate in both subreddits.

Subreddit Subreddit A | Subreddit B | Common users
73.99% 23.52% 2.48%
Turkey & Greece
(92%, 80%) | (91%, 76%) (96%, 82%)
48.59% 47.58% 3.82%
Turkey & Islam
(92%, 80%) | (75%, 68%) (86%, 74%)
25.07% 73.99% 0.93%
Greece & Islam
(92%, 76%) | (74%, 67%) | (84%, 75%)
Armenia 55.89% 29.32% 14.78%
& Azerbaijan (92%, 86%) | (91%, 86%) | (90%, 85%)
86.65% 10.24% 3.10%
Armenia & Turkey
(92%, 87%) | (97%, 82%) (89%, 77%)
79.02% 12.03% 8.94%
Azerbaijan & Turkey
(93%, 88%) | (97%, 85%) | (95%, 88%)
China_Flu 8.21% 85.79% 5.99%
& Coronavirus (95%, 85%) | (91%, 84%) (92%, 83%)
Unpopularopinion 56.56% 42.11% 1.32%
& Bad_Cop_No_Donut | (85%, 77%) | (95%, 79%) (91%, 74%)
Unpopularopinion 85.82% 13.81% 0.35%
& BlackLivesMatter (85%, 77%) | (95%, 89%) (94%, 89%)
Bad_Cop_No_Donut 81.65% 17.46% 0.88%
& BlackLivesMatter | (95%, 79%) | (95%, 89%) (98%, 78%)

108




Table B.6: Percentage of users (first line) and percentage of positive edges using
Pushshift and Praw sign (second line) per subreddit in 2—subreddits AUG, graphs

(A & B) for non—controversial. Common are the users who participate in both sub-

reddits.
Subreddit Subreddit A | Subreddit B | Common users
72.70% 25.19% 2.10%
Turkey & Greece
(92%, 81%) | (92%, 76%) (95%, 82%)
43.43% 53.08% 3.47%
Turkey & Islam
(92%, 81%) | (74%, 67%) (85%, 72%)
22.99% 76.26% 0.73%
Greece & Islam
(92%, 76%) | (74%, 67%) (84%, 75%)
Armenia 55.01% 31.16% 13.81%
& Azerbaijan (92%, 87%) | (92%, 87%) (91%, 85%)
87.30% 10.14% 2.55%
Armenia & Turkey
(92%, 87%) | (97%, 84%) (91%, 78%)
80.81% 11.31% 7.86%
Azerbaijan & Turkey
(94%, 89%) | (97%, 86%) (96%, 89%)
China_Flu 7.86% 86.36% 5.76%
& Coronavirus (95%, 86%) | (91%, 84%) (91%, 81%)
Unpopularopinion 54.48% 44.25% 1.25%
& Bad_Cop_No_Donut | (86%, 78%) | (95%, 79%) (91%, 74%)
Unpopularopinion 86.57% 13.13% 0.29%
& BlackLivesMatter (86%, 78%) | (95%, 90%) (95%, 92%)
Bad_Cop_No_Donut 83.72% 15.41% 0.86%
& BlackLivesMatter | (95%, 79%) | (95%, 90%) (98%, 77%)
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Table B.7: Percentage of users (first line) and percentage of positive edges using
Pushshift and Praw sign (second line) per subreddit in 2—subreddits AUG, graphs

(A & B) for controversial. Common are the users who participate in both subreddits.

Subreddit Subreddit A | Subreddit B | Common users
84.54% 15.21% 0.24%
Turkey & Greece
(91%, 78%) | (87%, 81%) 100%
85.64% 13.11% 1.23%
Turkey & Islam
(91%, 78%) | (83%, 87%) (90%, 90%)
100% — —
Greece & Islam
(87%, 81%) — —
Armenia 72.58% 21.72% 5.69%
& Azerbaijan (90%, 83%) | (84%, 77%) (86%, 78%)
89.12% 9.45% 1.42%
Armenia & Turkey
(90%, 83%) | (100%, 77%) (87%, 76%)
73.71% 22.22% 4.06%
Azerbaijan & Turkey
(84%, 77%) | (100%, 77%) (97%, 83%)
China_Flu 35.19% 56.31% 8.49%
& Coronavirus (91%, 82%) | (92%, 82%) (92%, 81%)
Unpopularopinion 94.11% 5.60% 0.27%
& Bad_Cop_No_Donut | (82%, 70%) | (96%, 74%) (85%, 78%)
Unpopularopinion 85.96% 13.73% 0.29%
& BlackLivesMatter (82%, 70%) | (92%, 88%) (88%, 86%)
Bad_Cop_No_Donut 0.0% 99.69% 0.30%
& BlackLivesMatter — (92%, 88%) 100%
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Table B.8: Percentage of users per subreddit in 3—subreddits AUG, graphs (A & B
& C) for total, non—controversial and controversial posts. Common are the users who

participate in both subreddits, A & B, A & C and B & C respectively.

Subreddit Sub A | Sub B Sub C Common users

Turkey
& Greece 40.77% | 13.62% | 40.82% | 1.46%, 3.30%, 0.55%
& Islam

Turkey

& Greece 36.59% | 13.61% | 45.60% 1.13%, 3%, 0.46%
& Islam (NC)

Turkey
& Greece 73.87% | 13.49% | 11.34% 0.21%, 1.07%, 0.0%
& Islam (C)

Armenia
& Azerbaijan 52.32% | 25.19% | 4.94% | 14.04%, 2.32%, 4.25%
& Turkey

Armenia
& Azerbaijan 51.70% | 2712% | 4.82% | 13.14%, 1.86%, 3.79%
& Turkey (NC)
Armenia
& Azerbaijan 66.93% | 19.23% | 6.56% | 5.31%, 1.15%, 1.32%
& Turkey (C)

Unpopularopinion
& Bad_Cop_No_Donut | 51.69% | 38.22% | 8.28% | 1.21%, 0.21%, 0.42%
& BlackLivesMatter

Unpopularopinion
& Bad_Cop_No_Donut | 50.23% | 40.50% | 7.55% 1.15%, 0.17%, 0.42%
& BlackLivesMatter (NC)

Unpopularopinion
& Bad_Cop_No_Donut | 81.58% | 4.86% | 13.06% | 0.24%, 0.28%, 0.04%
& BlackLivesMatter (C)

111



AprPENDIX C

UNSIGNED AND SIGNED POLARITY SCORES

Table C.1: Unsigned and signed polarity score for Turkey & Islam and for total,
non—controversial and controversial posts applying either METIS or Real groups

clustering and for two distinct timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.58,0.57,0.33 | 0.54,0.58,0.61
Random walks (D) | 0.53,0.60,0.32 | 0.44,0.50,0.77
Betweenness 0.67,0.66,0.60 | 0.77,0.66,0.46
Embeddings 0.55,0.51,0.16 | 0.53,0.54,0.21
GMCK 0.19,0.16,0.15 0.03,0.09, 0.00
MBLB 0.14,0.13,0.14 | 0.14,0.13,0.20
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 6.07, 3.47, 3.81 3.5, 3.57, 3.0
Random eigensign | 3.89, 2.35, 2.59 | 2.24, 2.26, 2.43
Greedy 6.72, 4.73, 4.14 | 5.69, 4.54, 3.30
Bansal 3.36, 3.36, 2.8 | 3.2, 3.18, 2.5
LocalSearch 1.41, 1.31, 1.32 | 1.32, 1.08, 0.80
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Table C.2: Unsigned and signed polarity score for Greece & Islam and for total,
non—controversial and controversial posts applying either METIS or Real groups

clustering and for two distinct timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.45,0.45,0.25 0.85,0.87, —
Random walks (D) | 0.33,0.43,0.85 0.90,0.92, —

Betweenness 0.85,0.77,0.65 0.73,0.73, —
Embeddings 0.29,0.32,0.48 0.68,0.69, —
GMCK 0.04,0.10,0.30 0.17,0.20, —
MBLB 0.12,0.12,0.30 0.09,0.09, —
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 3.47, 3.47, 3.16 | 3.55, 3.55, 3.16
Random eigensign | 2.31, 2.44, 2.60 | 2.19, 2.25, 2.41
Greedy 2.55, 3.6, 3.15 | 3.77, 2.66, 3.15
Bansal 3.42, 3.38, 2.8 | 3.42, 3.2, 2.8
LocalSearch 1.03, 1.15, 1.8 | 1.09, 1.35, 1.54

Table C.3: Signed polarity score for Turkey & Greece & Islam for two timestamps

Pushshift and Praw and for total, non—controversial and controversial posts.

Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 6.0,3.47,3.81 | 5.10,3.57,3.0
Random eigensign | 3.89,2.28,2.75 | 3.07,2.32,2.38
Greedy 6.86,5.06,4.14 | 5.75,4.22, 3.30
Bansal 3.42,3.38,2.80 | 3.42,3.18,2.80
LocalSearch 1.18,1.11,1.06 | 1.21,1.08,1.10
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Table C.4: Unsigned and signed polarity score for Armenia & Turkey and for total,
non—controversial and controversial posts applying either METIS or Real groups

clustering for two timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) 0.18,0.20,0.23 0.57 ,0.67,0.55
Random walks (D) 0.00, 0.00, 0.20 0.21,0.34,0.70
Betweenness 0.82,0.83,0.73 0.58,0.55,0.45
Embeddings 0.12,0.11,0.12 0.50,0.53,0.51
GMCK 0.00,0.00,0.05 0.17,0.22,0.15
MBLB 0.12,0.13,0.11 0.18,0.19,0.15
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 80.29, 79.85, 13.06 | 74.09, 73.70, 12.32
Random eigensign | 53.26, 54.81, 8.93 | 49.75, 50.55, 8.50
Greedy 80.43, 79.90, 13.24 | 74.14, 73.71, 12.49
Bansal 50.15, 49.51, 7.65 | 42.23, 42.61, 6.55
LocalSearch 6.38, 8.69, 1.64 7.14, 7.68, 1.51
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Table C.5: Unsigned and signed polarity score for Azerbaijan & Turkey and for total,

non — controversial and controversial posts applying either METIS or Real groups

clustering.
Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) 0.13,0.12,0.25 0.14,0.12,0.35
Random walks (D) | 0.004,0.07,0.22 0.00, 0.00,0.52
Betweenness 0.57,0.56,0.62 0.57,0.67,0.43
Embeddings 0.10,0.05,0.11 0.25,0.26,0.33
GMCK 0.00,0.00,0.12 0.00,0.00,0.10
MBLB 0.12,0.14,0.14 0.07,0.07,0.10
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 27.47, 27.38, 4.45 | 26.62, 26.45, 4.13
Random eigensign | 16.10, 16.54, 3.02 | 16.37, 15.82, 2.98
Greedy 27.69, 27.57, 4.60 | 26.88, 26.69, 4.23
Bansal 1747, 1717, 3.14 | 17.54, 17.49, 3.38
LocalSearch 4.31, 3.49, 1.40 4.04, 3.47, 1.11

Table C.6: Signed polarity score for Armenia & Azerbaijan & Turkey for two times-

tamps Pushshift and Praw and for total, non—controversial and controversial posts.

Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 80.37,79.86,13.06 | 74.08,73.71,12.32
Random eigensign | 55.66,54.67,9.05 | 50.90,50.75, 8.28
Greedy 80.48,79.94,13.24 | 74.14,73.72,12.49
Bansal 50.32,49.68,7.65 | 42.36,42.75,6.55
LocalSearch 7.34,7.13,1.98 6.02,6.45,1.85
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Table C.7: Unsigned and signed polarity score for Unpopularopinion & BlackLives-
Matter for total, non—controversial and controversial posts applying either METIS or

Real groups clustering for two timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.57,0.58,0.56 | 0.86,0.86,0.90
Random walks (D) | 0.17,0.13,0.20 | 0.69,0.78,0.89
Betweenness 0.91,0.91,0.94 | 0.72,0.66,0.73
Embeddings 0.14,0.11,0.14 | 0.65,0.65,0.73
GMCK 0.14,0.15,0.18 0.08,0.06,0.08
MBLB 0.11,0.10,0.14 0.06,0.06, 0.06
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 6.64, 6.67, 3.0 | 6.46, 6.52, 2.61
Random eigensign | 2.41, 2.56, 1.72 | 2.45, 2.43, 1.92
Greedy 7.61, 7.57, 4.0 | 7.72, 7.66, 2.25
Bansal 4.93, 4.93, 3.27 | 4.58, 4.58, 2.8
LocalSearch 1.42, 1.24, 1.15 | 1.18, 1.41, 0.94

116




Table C.8: Unsigned and signed polarity score for Bad_Cop_No_Donut & BlackLives-
Matter and for total, non—controversial and controversial posts applying either METIS

or Real groups clustering for two timestamps Pushshift and Praw.

Algorithms Polarity Polarity
(unsigned) METIS Real
Random walks (P) | 0.56,0.58,0.56 | 0.72,0.69, —

Random walks (D) | 0.13,0.17,0.53 0.39,0.54, —
Betweenness 0.89,0.85,0.90 0.87,0.77, —
Embeddings 0.12,0.34,0.19 0.53,0.50, —

GMCK 0.16,0.16,0.22 0.03,0.05, —
MBLB 0.11,0.11,0.33 0.13,0.13, —
Algorithms Polarity Polarity
(signed) Pushshift Praw
Eigensign 3.83, 3.83, 2.35 | 3.50, 3.50, 2.21
Random eigensign | 2.24, 2.07, 1.92 | 2.03, 2.05, 1.66
Greedy 5.90, 5.84, 2.8 | 4.91, 4.91, 2.8
Bansal 3.71, 3.71, 2.0 3.27, 3.27, 2.0
LocalSearch 1.36, 1.47, 1.40 | 1.16, 0.94, 1.20

Table C.9: Signed polarity score for Unpopularopinion & Bad_Cop_No_Donut
& BlackLivesMatter for two timestamps Pushshift and Praw and for total,

non—controversial and controversial posts.

Algorithms (signed) | Polarity (Pushshift) | Polarity (Praw)
Eigensign 6.64,6.67,3.0 6.46,6.52,2.61
Random eigensign 2.48,2.51,2.10 2.50,2.49,1.76
Greedy 7.63,7.63,3.2 7.68,7.68,2.29
Bansal 4.93,4.93,1.39 4.58,4.58,2.8
LocalSearch 1.09,1.39,1.16 1.23,1.10,1.02
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APPENDIX D

(GRAPHIC REPRESENTATION OF GRAPHS
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Figure D.1: Greece & Islam graph representation of two polarized groups.
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(b) Pushshift (c) Praw

(f) Praw

(g) Controversial (h) Pushshift (i) Praw

Figure D.2: Turkey & Greece & Islam graph representation of two polarized groups.
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(g) Controversial (h) Pushshift (i) Praw

Figure D.3: Azerbaijan & Turkey graph representation of two polarized groups.
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(g) Controversial (h) Pushshift (i) Praw

Figure D.4: Armenia & Azerbaijan & Turkey graph representation of two polarized

groups.
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(a) Bad_Cop_No_Donut &
BlackLivesMatter (b) Pushshift (c) Praw
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Figure D.5: Bad_Cop_No_Donut & BlackLivesMatter graph representation of two

polarized groups.
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(a) Unpopularopinion &
Bad_Cop_No_Donut &
BlackLivesMatter (b) Pushshift (c) Praw

(e) Pushshift (f) Praw

(g) Controversial (h) Pushshift (i) Praw

Figure D.6: Unpopularopinion & Bad_Cop_No_Donut & BlackLivesMatter graph rep-

resentation of two polarized groups.
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ApPPENDIX E

TEMPORAL MOTIFS

Table E.1: Proportion of 4—top most frequent temporal motifs per subreddit inde-

pendently.

Subreddits Temporal motifs (M)
Turkey M5, 7.44% M15, 6.95% | M30, 6.72% | M12, 6.49%
Greece M29, 7.70% M30, 7% M15, 6.77% | M27, 6.48%
Islam M5, 7.02% M30, 6.97% | M15, 6.42% | M29, 5.98%
Armenia M36, 22.50% | M6, 16.81% | M1, 13.36% | M34, 3.81%
Azerbaijan M36, 12.08% | M6, 10.14% M1, 8.35% M34, 5.48%
Turkey M30, 9.50% | M28, 7.48% | M29, 7.06% | M15, 6.94%
China_Flu M6, 36.50% | M36, 29.53% | M1, 21.58% | M21, 4.32%
Coronavirus M1, 25.75% | M34, 23.04% | M16, 21.86% | M35, 14.07%
Unpopularopinion M6, 11.38% | M36, 10.68% | Mb, 5.31% M30, 5.19%
Bad_Cop_No_Donut | M15, 7.98% M22, 7.42% | M21, 6.92% M5, 6.69%
BlackLivesMatter | M31, 27.19% | M21, 10.16% | M34, 6.81% | M33, 6.06%
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Table E.2: Proportion of 4—top most frequent temporal motifs per 2—subreddits

graphs.
Subreddits Temporal motifs (M)

Turkey & Greece M5, 7.02% M15, 6.90% | M30, 6.80% | M29, 6.33%
Turkey & Islam M5, 7.11% M30, 6.93% | M15, 6.49% | M12, 6.03%
Greece & Islam M30, 6.98% M5, 6.93% | M15, 6.43% | M29, 6.07%
Armenia & Azerbaijan M36, 22.17% | M6, 16.60% | M1, 13.17% | M34, 3.87%
Armenia & Turkey M36, 22.50% | M6, 16.81% | M1, 13.36% | M34, 3.81%
Azerbaijan & Turkey M36, 12.06% | M6, 10.13% M1, 8.34% | M34, 5.48%
China_Flu & Coronavirus | M1, 27.01% | M34, 19.84% | Mo, 9.64% | M36, 6.66%

Unpopularopinion
M6, 10.34% | M36, 9.42% | M15, 5.77% | Mb, 5.70%

& Bad_Cop_No_Donut

Unpopularopinion
M6, 11.23% | M36, 10.56% | M5, 5.27% | M30, 5.15%

& BlackLivesMatter

Bad_Cop_No_Donut
M15, 7.67% M22, 718% | M21, 7.15% | MDb, 6.42%

& BlackLivesMatter
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Table E.3: Proportion of 4—top most frequent temporal motifs per 3—subreddits

graphs for total, non—controversial (NC) and controversial (C) posts.

Subreddits

Temporal motifs (M)

Turkey
& Greece

& Islam

M5, 7.03%

M30, 6.95%

M15, 6.50%

M29, 6.04%

Turkey
& Greece

& Islam (NC)

M5, 6.99%

M30, 6.95%

M15, 6.46%

M29, 5.96%

Turkey
& Greece

& Islam (C)

M5, 7.31%

M15, 7.24%

M30, 7.08%

M29, 6.62%

Armenia
& Azerbaijan
& Turkey

M36, 22.17%

M6, 16.60%

M1, 13.17%

M34, 3.87%

Armenia
& Azerbaijan
& Turkey (NC)

M36, 22.55%

M6, 16.86%

M1, 13.35%

M34, 3.84%

Armenia
& Azerbaijan
& Turkey (C)

M15, 6.69%

M22, 6.34%

M5, 6.30%

M12, 5.80%

Unpopularopinion
& Bad_Cop_No_Donut
& BlackLivesMatter

M6, 10.23%

M36, 9.34%

M15, 5.75%

M5, 5.67%

Unpopularopinion
& Bad_Cop_No_Donut
& BlackLivesMatter (NC)

M6, 11.95%

M36, 11.17%

M15, 5.65%

M5, 5.55%

Unpopularopinion
& Bad_Cop_No_Donut
& BlackLivesMatter (C)

M5, 5.30%

M25, 5.02%

M12, 4.80%

M32, 4.73%
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