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Polarisation, homogenous groups,
echo chambers etc. can be observed

© O

In soclal networks
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Polarisation, homogenous groups,
echo chambers etc. can be observed

INn soclal networks

to emergent groups?
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Why are we in homogenous groups?

(choice) homophily, we are
more likely to connect to similar
people
- Is this enough? Are the
massively homogeneous

groups we see reflecting
peoples tendencies?

The white house 7=

McPherson 1987
McPherson 2001



Why are we in homogenous groups?

Homophily + influence/adaption
(Axelrod’s model, coevolution models)

- What about features that are
difficult/slow/impossible to
change? Ethnicity, gender,
social class, ...

Axelrod 1997
Holme 2006
Vazquez 2007




Homophily + spatial constraints =

induced homophily (Schelling model)

- But physical space has
become less important. Our
social space is our social

networks.
Schelling 1971

Fraction of
neighbors from
the same groups
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Why are we in homogenous groups?
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Why are we in homogenous groups?

Homophily + network constraints
= Induced homophily

- What are the network constraints? .:
- “Schelling model” for networks?



Why are we in homogenous groups?

homophily + triadic closure

X
X
v
oo
oo

¥

1ly + network constraints
ed homophily

- What are the network constraints? .:
- “Schelling model” for networks?



Why are we in homogenous groups?

homophily + triadic closure

e Meet new people through
previous connections

structural mechanism

- Recommendation systems often
work via triadic closure

+ » Empirically: the most common

v
oo
oo

- What are the network constraints? .’
- “Schelling model” for networks?



Homophily amplification via triadic closure

After 2/3 two homogenous

Probability of triadic closure P
isolated groups

Fraction of all
connections
within groups

- mean field solution
X simulations

0.5 0.6 0.7 0.8 0.9 1.0

Probability of accepting
(choice homophily)

A Asikainen, G Iniguez, J Urena-Carrion, K Kaski, M Kivela. Science Advances 2020: Vol. 6, no. 19, eaax7310



Network representations — are
simple graphs enough?




Multilayer networks of
political communication

Professional

e Political communication is not just a single igierte
system which should be represented by a
single network
Policy

network

e [woO approaches:

1. Networks are reflections of multiple (latent)
networks

2. Networks are part of a larger system
(figure)

M. Kivela, A. Arenas, M. Barthelemy, J.P. Gleeson, Y. Moreno, M.A. Porter: Multilayer networks, J.
Complex Netw. 2(3): 203-271 (2014)



Multilayer networks of
political communication

Professional
media

e Political communication is not just a single
system which should be represented by a
single network

Policy
network

e [woO approaches:

1. Networks are reflections of multiple (latent)
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2. Networks are part of a larger system
(figure)
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Political Twitter data
collection in Finland

jukebox
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. . . . . . TE jotainrajaa
e Political elite active in Finnish Twitter, | s ol L
. alueet ka ‘ =
around 200k active users Sl ulevaisuusiin

halltus

pokis|

— We can collect basically all political
discussions
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What about the content?

Immigration

=%

* 1. #closetheborders is the only valid #immigration policy. Everything else is
- iInsanity and betrayal. #elections2019 #parliamentelections

2. New report: The percentage of sex offences that are made by immigrants is
even larger than presented before. 100% in the rapes in public places.

_ “Mismatch is enormous. It cannot be explained by random fluctuations.”

¢ A #sexoffences #immigration [url]

3. Paul Usvalampi (True Finns) urges that #finns could foster their on #identity,
hold on to their territories and live there with their own people. Without
Kbeing force fed multiculturalism. Great article! #immigration [url] /




Depolarisation of NATO discussion
Immediately after the attack

Before Pro Right-after
Feb 10 - Feb 23 « Left anti Feb 24 - Mar 2
» Conspiracy anti
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Y Xia, A Gronow, A Malkamaki, T Yla-Anttila, B Keller, M Kivela "How the Russian invasion of Ukraine depolarized the Finnish NATO discussion” arXiv:2212.07861



Polarisation measures

B Pre—-election
0 Inter—election
B Post—election

Parties (0.856)

Climate (0.775)

Issues (0.692)

Density

© | | | | |
0.2 0.4 0.6 0.8 1.0

Polarization

THY Chen, A Salloum, A Gronow, T Yla-Anttila, M Kiveld "Polarization of Climate Politics Results from Partisan Sorting: Evidence from Finnish Twittersphere.” Global Environmental
Change 71, 102348 (2021)



Problems with polarisation
measures

* Methods work by first clustering
networks, then quantifying how
good the clusters are

Graph

construction

Computing the

Graph partition polarization

* Problem: One can find very good
clusters even in random sparse

networks

e |ikely that these methods will give
high scores even for random
networks!

A Salloum, THY Chen, M Kivela. “Separating Polarization from Noise: Comparison and Normalization of Structural Polarization Measures”. Proc. ACM
on Human-Computer Interaction 6 (CSCW), 1-33 (2022)



Problems with polarisation
measures

Topic: #translaw Topic: #translaw
Original network Randomised network
Random walk controversy score: 0.681 Random walk controversy score: 0.736
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A Salloum, THY Chen, M Kivela. “Separating Polarization from Noise: Comparison and Normalization of Structural Polarization Measures”. Proc. ACM
on Human-Computer Interaction 6 (CSCW), 1-33 (2022)



1.00 -
0.75 1
0.50 -
0.25 1
0.00 -

Problems with polarisation

measures

keep degree correlations

Random Walk Controversy

Erd6s-Renyi model:
keep

Configuration model:
keep degrees of nodes

Dk-2 model:

Modularity

B observed

BN d2 Bl dl

0.4

0.2

0.0

A Salloum, THY Chen, M Kivela. “Separating Polarization from Noise: Comparison and Normalization of Structural Polarization Measures”. Proc. ACM

on Human-Computer Interaction 6 (CSCW), 1-33 (2022)



Alignment of polarised topics

Climate-Economic Policy Climate-Immigration

e Endorsement networks are
naturally polarised on -
debated topics \e

e Polarisation problematic if LR
topics are aligned: same -
people consistently on ! ooo%gog 2
opposing sides :

IC
9
3
D
D

Green Purple
© O
0 @ l

e Alignment has previously
been observed In
questionnaire studies

Second Top
Dark Light

THY Chen, A Salloum, A Gronow, T Yla-Anttila, M Kiveld "Polarization of Climate Politics Results from Partisan Sorting: Evidence from Finnish Twittersphere.” Global Environmental
Change 71, 102348 (2021)



Alignment of polarised topics

CLIMATE A

CENTRE A O NATIONAL A

\O

2 groups per topic,
usually pro and
against

IMMIGRATION B

o~ “a@§-
ECONOMIC POLICY B ¢ QO sbPB
O N\
SOCIAL SECURITY A
CENTREB O © CLIMATEB _
FINNS B Q< Link A to B = more
EDUCATION A @ /\ than 70% of people In
LEFT/A group A are also in
EDUCATION B
@ Climate ® @ group B
® Issues IMMIGRATION A
O Parties ECONOMIC POLICY A @

THY Chen, A Salloum, A Gronow, T Yla-Anttila, M Kiveld "Polarization of Climate Politics Results from Partisan Sorting: Evidence from Finnish Twittersphere.” Global Environmental
Change 71, 102348 (2021)



Higher order alignment of topics?

e |s it always the same
people who are aligned
across all topics?

e = can a single partition
explain all of the other
partitions?

Mutual partition

L lannucci, THY Chen, A Fageeh, M Kivela "Beyond pairwise issue alignment.” In preparation



Multilayer networks of
political communication

Professional
media

e Political communication is not just a single
system which should be represented by a
single network

Policy
network

e [woO approaches:

1. Networks are reflections of multiple latent
networks

2. Networks are part of a larger system
(figure)

M. Kiveld, A. Arenas, M. Barthelemy, J.P. Gleeson, Y. Moreno, M.A. Porter: Multilayer networks, J.
Complex Netw. 2(3): 203-271 (2014)



Layer inference from
cascades

* The spreading model can include details on

* The retweet networks can be built out the dynamics

of cascades of a tweet being retweeted:

* Building the network is an inference problem

O
Raile
- O
/S8 i e
O O Tries to sl
) = O activate O
& 6B
\ User i User |
S R =17
User j

Y Xia, THY Chen, M Kivela, “Limits of Multilayer Diffusion Network Inference in Social Media Research”. Proc. AAAI Conference on Web and Social
Media, Vol. 16, pp. 1145-1156 (2022)



Layer inference from
cascades

O
e You might trust someone for : o0 =7
. . . 0.3
information on one topic but o N o — 2.5 “politics layer”
not on another A S 9
S .
O / 0.9 5 7
e Model: cascades happen on ™~ A y o~
latent networks/layers Follower network 5 {)7 o 0L O “sports layer”
depending on the topic 2

Spreading network

Y Xia, THY Chen, M Kivel3, “Limits of Multilayer Diffusion Network Inference in Social
Media Research”. Proc. AAAI Conference on Web and Social Media, Vol. 16, pp.

P.S. Yu, Z Li, ZACM SIGKDD (2014
1145-1156 (2022) S Wang, X Hu, P.S. Yu, i, CM SIG (2014)



Limits of layer inference
from cascades?

1.00 - _ 1.0 1.00
O °
2 > € 0.75 .
- 0.95e % | © "(-35 ® ? ¢
5 o y=10 | 5°° S 9 0.50¢
e |s it even theoretically O oo =201 < S
. . . > y=4.0 0.6 - s 0.25
possible to infer layers, given < y=8.0 .
data? 1 2 4 8 16 1 2 4 8 16 1 2 4 8 16
Cascade-Edge Ratio Cascade-Edge Ratio Cascade-Edge Ratio
e Numerical results: depends 1.00 A 1.0- 1.00
. O 4
highly on how the network 2 > o 5 0.75
(cascade sizes, edge R - S 050] a3
o o $=0.0 g S °
overlaps etc) S 0.90 $=0.5 = 06l 5 0.25
< $=1.0
| , | , | , | , | ] 0.00 1, , | , |
1 2 4 8 16 1 2 4 8 16 1 2 4 8 16
Cascade-Edge Ratio Cascade-Edge Ratio Cascade-Edge Ratio

Y Xia, THY Chen, M Kivela, “Limits of Multilayer Diffusion Network Inference in Social Media Research”. Proc. AAAI Conference on Web and Social
Media, Vol. 16, pp. 1145-1156 (2022)



Multilayer networks of
political communication

Professional

e Political communication is not just a single
system which should be represented by a

single network

e [woO approaches:

1. Networks are reflections of multiple (latent)
networks

2. Networks are part of a larger system
(figure)

M. Kivela, A. Arenas, M. Barthelemy, J.P. Gleeson, Y. Moreno, M.A. Porter: Multilayer networks, J.
Complex Netw. 2(3): 203-271 (2014)



Building a multilayer political
communication network

Professional
media

 Professional media: Network from
organisations’ opinions stated in newspapers
(public opinion similarity)

Policy

e Policy network: Questionnaire to ~100
organisations active in climate change
discussion (collaboration)

e Social media: Twitter accounts related
organisations and discussion/retweets
between them




How to find the Inter-layer
links?

Professional
media

00. 01. 03. 04.
Identify | |ldentify | |ldentify | | Classify
Roster Collective Side Side
Actors Main Accounts Accounts Policy
network
Y
02. 05 06.
ldentify » Merge | Collect
Individual TDeis Twitter
Main Data

https://github.com/tedhchen/componMultilayer



Multilayer clustering

e Multislice modularity: 2013-2016 2017-2020

clusters of node-layer pairs o

: qguestionnaire
(co-clustering of nodes and
layers) |

o P T
~Y \ R T S
*3 o

=77 _questionnaire

e Combining data (with
missing nodes in layers)

e Nodes can have different
roles Iin different layers

newspapers
Twitter

e Results: “complex
coalitions”

Pamfil, Howison, Lambiotte, Porter. 2019. “Relating Modularity Maximization and Stochastic Block Models in Multilayer Networks.” SIAM J Math Data Sci 1(4): 667-698

newspapers witter

A Malkamaki et al. Complex coalitions: political alliances across relational contexts, arXiv:2308.14422



Conclusion and summary

e Structural polarisation can be measured and explained by
analysing social networks

e Most social systems are not properly characterised by a
single social network

e They consist of subnetworks

e They are part of larger systems of networks
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Triadic closure + homophily model

Parameters. ;
s : choice homophily (Saa=Sbp=S, Sab=Spa=1-S) Taa : probability of node in group
c : probability of triadic closure a to link to the same group

(observed homophily)



