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Opinion Dynamics

Social systems show complex behaviors

e transitions from disorder to order

e scaling

e universality
Can we understand this with Statistical Physics?
Opinion Dynamics aims at explaining the formation of
agreement among individuals:

e political parties

e cults and religions
c o o e expansion of extremism




The New Information Age

We live in a digital society

e social networks
. Le tue
e streaming platforms notizie

® e-COMmmerce Notizie principali
e online information
Sources of information are central
In Opinion Dynamics.

Brasile: Lula e Bolsonaro al
ballottaggio il 30 ottobre -
America Latina

Online platforms influence the
information we have access to!

Il Nobel per la Medicina e
Fisioloaia 2022 a Svante



https://techcrunch.com/2011/04/10/the-new-information-age/

Recommendation
Algorithms

Online platforms contain tremendous amount of cont
e Spotify (over 100 million tracks)
e Youtube (over 800 million videos)
e Facebook (over 2500 million users)
Recommendation algorithms guide us in this immens
e Selection of content/users that are close to our
Interests
e Only show us a very limited fraction of what is available



Link Recommendations

Link recommendations help us finding
new friends on social networks
e "Suggested friends" on Facebook
e "People you may know" on Linkedin
Possible mechanisms:
e Structure based. The friend of my
friend is a potential friend
e Opinion based. A person with similar
Interest is a potential friend

Existing Link
-— - — Recommended Link



Eco

Chambers

By suggesting friends, link
recommendations make us interact
with people which are similar to us

Echo Chamber Effect:
each individual is connected mainly to

other individuals sharing her same
Ideas and believes




Content Recommendations
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Content recommendations help us finding
new items on online platforms
e "Suggested for you" posts on Facebook
e "[tems you may like" on Amazon
Possible mechanisms:
e Content based. Looks at similarity
between the contents.
e Social based. Uses social network to
recommend items
e Collaborative based. Uses the behavior
of other users
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" Filter -

Bubbles

Content recommendations make us look at
iInformation thatis in line with our ideas

Filter Bubble Effect:
each individual is exposed to personalized

content that confirms its believes




Voter Model... T

Model of opinion dynamics:
e Binary opinions si=t 1
e Ferromagnetic interaction
Agents copy the opinion of
random neighbors

We only consider the fully
connected case

Selected
agent




...with Personalized <
Information

Each agent is exposed to a source of
personalized information e

1 — A Copy the opinion of random agent

A Follow the recommendation

Personalized information reinforces agents'
most common opinion

n; = positive clicks — negative clicks
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Fragmented states

. 1
We look at the magnetization m = N Z Si
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Collaborative
Filtering in Short
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Techniques for providing
recommendations based on
similarities

® user-user

e [tem-item (Amazon)

e matrix factorization (Netflix)
Consider the bipartite network of
users and opinions/items



ing the User-User
aborative Filtering

Users similarity

1 N users and M items
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Rating Bias 3
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For large N, M three distinct phases
emerge:

e Disorder

e Consensus

e Polarization
All phases present problems

e No personalization (D and C)

e filter bubble (P)
On the critical line =1 we observe an
Intermediate behavior with only
partial polarization.




We can use our model to fit the

behavior of users. We look at the

online music platform last.fm

e 1000/2000/5000 users

e 500/1000 artists

e the model well reproduces the
similarity among users

e the parameters are 3=1 and a=2
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Matrix Factorization

Matrix factorization 71.00

e more sophisticated than user-
users collaborative filtering
e [everages on dimensionality
reduction
We observe that matrix factorization
e induces opinion polarization
e |[S equivalent to the user-user
collaborative filtering with large
a aﬂd B Disorder
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Conclusions

e Statistical Physics can help in understanding the potential
effects of recommendation algorithms

e Recommendation algorithms enhance opinion polarization
and the formation of filter bubbles

e We can tune the parameter of the algorithms to mitigate their
downsides
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Thank you

Do you have any questions?




