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Deconstructing the (first) title...

SOCIAL ROLE OF DYNAMICS OF
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Five ways Al could improve the world: . .
‘We can cure all diseases, stabilise our Five ways Al might destroy the world:
climate, halt poverty’ ‘Everyone on Earth could fall over

dead in the same second’

g T Ty Robots say they have no plans to steal
%) 4 % | jobs or rebel against humans

y . 0‘ I - -~ ©° :‘
(Y U ‘ Humanoid robots speak - with some awkward pauses - in ‘world
NS ‘You can do both'’: experts seek ‘good first’ press conference at Geneva Al summit

AI' while attempting to avoid the bad i S 4 %.r

While Al revolutionises medicine, bleaker alternatives present
themselves, UN's Al for Good conference finds
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Measuring algorithmically infused societies
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societies. Fulfilling this responsibility requires social theories, measurement models
and social data. Most existing theories and measurement models in the social sciences
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were not developed with the deep societal reach of algorithms in mind. The Engin Bozdag

emergence of ‘algorithmically infused societies’—societies whose very fabricis

co-shaped by algorithmic and humanbehaviour—raises three key challenges: the 1)
insufficientquality of measurements, the complex consequences of (mis)measurements, Graek o

and the limits of existing social theories. Here we argue that tackling these challenges

requires new social theories thataccount for the impact of algorithmic systems on Link recommendation algorithms and dynami(‘_s Of

social realities. To develop such theories, we need new methodologies for integrating
data and measurements into theory construction. Given the scale at which H H H T 1

measurements can be applied, we believe measurement models should be trustworthy, po Ia r I Zatl on | n 0 n I I n e S oc I a I n etwo rks
auditable and just. To achieve this, the development of measurements should be

transparent and participatory, and include mechanisms to ensure measurement .
. s N B . . . . “Department of Ecology and Evolutionary Biology, Princeton University, Princeton, NJ 08544; "Informatics Institute, University of Amsterdam, 1098XH
quall[y and ldel'ltlfy DOSSlble harms. We argue that computatlonal social scientists Amsterdam, The Netherlands; and “Annenberg School for Communication Research, University of Pennsylvania, Philadelphia, PA 19104

should rethink what aspects of algorithmically infused societies should be measured,
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A Bayesian machine scientist to aid in the solution of s
challenging scientific problems
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are able to extract these models automatically from data. Here, we introduce a Bayesian machine scientist, which
establishes the plausibility of models using explicit approximations to the exact marginal posterior over models
and establishes its prior expectations about models by learning from a large empirical corpus of mathematical
expressions. It explores the space of models using Markov chain Monte Carlo. We show that this approach un-
covers accurate models for synthetic and real data and provides out-of-sample predictions that are more accurate
than those of existing approaches and of other nonparametric methods.



DYNAMICS ON NETWORKS - approximate master equations for binary dynamics

EPIDEMIC SPREADING

Node state -> Susceptible, infected, ...

Edges -> Transmission of disease

SOCIAL CONTAGION
Node state -> Adopted, not adopted

Edges -> Transfer of ideas, behavior, ...

OPINION FORMATION

Node state -> Opinion A, B, ...
Edges -> Transfer of information

CULTURAL DYNAMICS

Node state -> Cultural features
Edges -> Similarity & interaction

HUMAN MOBILITY

Node state -> Amount of people
Edges -> Roads, airways, etc.

Gleeson, Phys. Rev. Lett. 107 (2011): 068701

divide network in groups of nodes with degree k and m infected neighbors

susceptible nodes (S)

dSk,m . dlk m .
dt - — Fk,msk,m + Rk,mlk,m + ... dt - - Rk,mlk,m + Fk,msk,m + ...
m infected m infected
neighbors e neighbors e
X o X
(a) SIS disease spread (b) Ising Glauber (c) Friend saturation
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Gleeson, Phys. Rev. X 3 (2013): 021004

Porter et al. Front. Appl. Dynam. Sys., Vol. 4 (Springer, 2016)

infected nodes (I)




pYNAMICS ON NETWORKS - extending AMEs to arbitrary networks

SIMPLE NETS
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combined edge types "'Z
MULTILAYER NETS @ :
and extend AMEs by
? a a0 F T
i regular Poisson bursty
TEMPORAL NETS L Y
b Generated
Ruan, Ifiguez et al. Phys. Rev. Lett. 115 (2015): 218702 Unicomb, Ifiguez, Karsai. Sci. Rep. 8 (2018): 3 z ;g‘f; 2

Karsai, Ifiguez et al. Sci. Rep. 6 (2016): 27178
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So what about algorithmic bias?

SOCIAL ROLE OF DYNAMICS OF
NETWORK STRUCTURE ALGORITHMIC BIAS INFORMATION SPREADING
(stochastic 1- & 2-block model) (binary opinion dynamics)

use of filtering algorithms to tailor user-specific content and avoid information overload

GENERAL POPULARITY SEMANTIC FILTERING COLLABORATIVE FILTERING
(most popular content) (content similar to what (content similar to what
user consumed before) similar users consumed before)
Bozdag. Ethics Inf. Technol. 15 (2013): 209 Pariser. The Filter Bubble: What The Internet Is Hiding From You (Penguin Books Limited, 2011)

Bakshy et al. Science 348 (2015): 1130 Moller et al. Inform. Commun. Soc. 21 (2018): 959 Nikolov et al. J. Assoc. Inf. Sci. Tech. 70 (2018): 218



‘pair’ interactions

‘group’ interactions

Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312

NOISY VOTER MODEL Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009
m k—m Noisy voter ——
F,=0+0-20)— Ri,=0+(1-20)—— Language o=2 —
k k Language 0=0.5 ——
Majority-vote =—
Kirman. Q. J. Econ. 108 (1993): 137
Granovsky, Madras. Stoch. Proc. Appl. 55 (1995): 23 Fk m

LANGUAGE MODEL

m\" k—m\"
Fn=0+01 _2Q)<f) Fen=0+- 2Q)<T>

Abrams, Strogatz. Nature 424 (2003): 900
Peralta et al. Chaos 28 (2018): 075516

MAJORITY VOTE MODEL

Q it m<k/2 1-0 if m<kl2
Fop=141/2 it m=k/2 R, =1 1/2 it m=k/2 two model parameters:
1-0 if m>k/2 o it m>k/2 O (regulates noise)

{ ) .
Liggett. Interacting Particle Systems (New York, 1985) a (tU nes grO u p Interaction S)

de Oliveira. J. Stat. Phys. 66 (1992): 273



minimal implementation of algorithmic bias

people disregard a fraction of friends w/ different opinion

Parameters
NO BIAS
(b =0) (Q, @)
BIAS
(b > 0) (Qa «, b)

Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312 Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009



Without bias b=0

minimal implementation of algorithmic bias

people disregard a fraction of friends w/ different opinion

Parameters
E k.m
NO BIAS D>
(b =0) pa— (Q, )
Rk: m m/k
y With bias b=0.7
F km 1.0 —T T —
i Noisy voter ——
0.8 - | Language a=2 ——
| |Language 0=0.5 ——
BIAS 0.6 ¢ I?Aa?grity-vote — B
(b > 0) (Qa Q, b) I
0.4 .
0.2 -
OO | | | |
0.0 0.2 0.4 0.6 0.8 1.0

algorithmic bias amounts to m k—m
effective transition rates k(D) = Z B, (1 =D)F 4, km(D) = Z By s(1 = bB)Ryy s m
(convolution w/ a binomial B) i=0 s=0

Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312 Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009



HOMOGENEOUS NETWORKS (degree dist Pk W/ |arge 7 = <k>) Peralta, Iniguez et al. Phys. Rev. E 104 (2021): 044312

Peralta, Iniguez et al. J. Phys. Comp. 2 (2021): 045009

p(c0) =0
MEAN FIELD dp _ (1-p)7 (1—b)p] _pf[(l—b)(l—p)] CONSENSUS p(0) = 1
(for infection dt 1 —bp 1 —=b(1—-p) »
density p) COEXISTENCE p(0) =1/2

k
fIx1=Y P Y Fy By (%)

k m=0



HOMOGENEOUS NETWORKS (degree dist Pk W/ |arge 7 = <k>) Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312

Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009

p(0) =0
MEAN FIELD dp _ (1-p)f M] B f[(l - b)(1 - p)] CONSENSUS (o) = 1
(for infection dt 1 —bp 1 —b(1 = p) »
density p) k COEXISTENCE p(o0) =1/2
fIxI= Y P Y Fy By (%)
k m=0
Noisy voter Language model Majority-vote
0.12 ————————— 0.20 . —
- Gesdstence Coexistence
0.08 - . ~ pe " Consensus ‘
QA . M o010 - @ :
onsensus Consensus/
0.04 | oexistence
O 0.05 C. t.
000 5 02 04 06 08 1 0.00 02 04 06 03 1
b b

‘pair’ interactions: ‘group’ interactions:

language model

interpolates
ALGORITHMIC BIAS . ALGORITHMIC BIAS
between behaviors

PROMOTES CONSENSUS! PROMOTES COEXISTENCE!



Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312
Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009

HETEROGENEOUS NETWORKS (stochastic 2-block model)

iZl,...,Nl; N1:16 i=N1+1,...,N; N2=20
17 . . L
p1= 1% P2 =55 MEAN FIELD (for infection densities p;, p,)
dp, _ (1 = b)(p; + p1py) | _ (I =) =p; + pi(1 = py) |
- = (1_P1)f _P1f
dt |1+ p1 = b(p1 +pip2) | | 1+p = b(1=p+p(1=py)) |
dp, (=B +pp) | [ A-bU-p+p(l=p) |
T (1_P2)f —pof
dt _1+P2—b(Pz+P201)_ _1+P2—b(1—P2+P2(1—P1))_
= N,z,,/N —
Niz12 = Naozog Dy 2212 141 125} NIZ21/N222
N1i Nz%



Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312
Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009

HETEROGENEOUS NETWORKS (stochastic 2-block model)

1=1,..., Nl; N1:16 Z:N1+1 ..... N; N2=20
p1= 1%, p2 = ;—g MEAN FIELD (for infection densities p;, p,)
dp, (1= b)p, + ppy) | (=D)L= p, +p(1 = py)
— = (1—P1>f —pnf
d1 |1+ p1 = b(p1 +pip2) | | 1+p = b(1=p+p(1=py)) |
dp, (1= b)(py + popy) | [ A-bA=p,+p(l—p) |
—=(1-p)f —nf
dt _1+P2—b(P2+P201)_ _1+P2—b(1—P2+P2(1—PI))_
N12;12 _ N2Z21 pl = NQZIZ/NIZI p2 = N1221/N222
21 <2
Nl? NQ?
POLARIZATION L s CONSENSUS
p1(00) = py(c0) =1

nE) =0, ple)=1 o

. - COEXISTENCE
/ p1(c0) = py(c0) = 1/2

POLARIZATION

CONSENSUS .
p1(0) = py(c0) =0 0 @@ 110/12 LaJp pl(OO) =1, p2(oo) =0




0.08

0.06

0.04

0.02

0.00

‘pair’ interactions

Language model 0.=0.8

| , 1 N I . 1

0.12

Noisy voter

Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312
Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009

‘pair’ interactions:

INCREASING BIAS
leads to
CONSENSUS
and then
POLARIZATION




‘pair’ interactions Peralta, Ifiguez et al. Phys. Rev. E 104 (2021): 044312
Peralta, Ifiguez et al. J. Phys. Comp. 2 (2021): 045009
Language model =0.8 Noisy voter

0.08 ————————————————— 0.12 ————

‘pair’ interactions:

0.06

U INCREASING BIAS
0.04 @ leads to
0.04
0.02 CONSENSUS
and then
0.00 0.00 POLARIZATION

0.15 0.4

‘group’ interactions:

0.10 DECREASING BIAS
A 02 leads to
0.05 CONSENSUS
and then

0.00

POLARIZATION

‘group’ interactions



(first) TAKE AWAY: What can we learn from the model?

0.12

0.08

0.04

0.00

Noisy voter

02 04 08 08

polarization in social networks results from a nuanced interplay
of network structure, spreading dynamics, & content filtering,
and can be treated within a flexible framework

when discussing one-on-one, filtering out disagreeing views
leads to consensus, and in the extreme, to polarization

Majority-vote

when discussing in groups the opposite happens:
filtering out disagreeing views promotes coexistence

With bias b=0.7
F k,m 1.0 T T T T ¥ T T T

Noisy voter
0.8 - | Language a=2
L | Language «=0.5 ——
Majority-vote

0.6 .

04| -

02} -

m/k



Deconstructing the (second) title...

SOCIAL ROLE OF DYNAMICS OF
NETWORK STRUCTURE ONLINE PLATFORMS POLITICAL IDEOLOGIES

(multidimensional)
POLARIZATION

-0

Ramaciotti, Iiiguez et al. SNAM 13 (2023): 14  Peralta, Ifiguez et al. arXiv (2023): 2305.02941



FRENCH » 813 Members of Parliament (MPs) & 230k followers
TWITTER

(2019)
/ MoDem
PS
Left < pcF
LFI
Liberal LR _ _
right Lc (partiesin
France)
LR
Nationalists < L
RN
LC
\ Others
others

Ramaciotti, Iiiguez et al. SNAM 13 (2023): 14  Peralta, Ifiguez et al. arXiv (2023): 2305.02941



FRENCH » 813 Members of Parliament (MPs) & 230k followers
TWITTER

(2019)

MoDem

F

France)

Nationalists

Others
others

Liberal R
right {c (parties in

- T c T c
A ior B 5% C 38
== 2= reference point " g ) P n;g
Follower 1 ] 35 v
Follower 2 'T g L4 ¢ 13
Follower 3 LT 58 ©
Follower 4 - efz,“°
Z'Ste p Follower 5 v o
Follower 6
LATENT SPACE \deological Attitudinal
E M B E D D I N G Embedding Embedding
Followers -
., F / /%n i
L ’o} e@/—: bk
’ A
Adjacency matrix Twitter account ’7%,7
4 v
Social graph data Ideological space Attitudinal space

Ramaciotti, Ifiguez et al. SNAM 13 (2023): 14  Peralta, Ifiguez et al. arXiv (2023): 2305.02941



4 identifiable political dimensions

Ko o

FRENCH » 813 Members of Parliament (MPs) & 230k followers
TWITTER

(2019)

4 —"1.0—0?

MoDem ! o+ & +
More left-wing More right-wing
PS
Left < pcF @
LFI 4 0 1
) - } © & @ } @ L +
:f;;ﬁ{al { LR (parties in Less nationalistic Nationalism {(NA) More nationalistic
LC & .
France (o )
LR ) QKRR @@
Nationalists < ¢ “1 0 1
RN - i ®o—¢ ® @ +
Less anti-elite Anti-elite (AE) More anti-elite
LC <
\ Others 2 Q\\\ ooe
others 7 4 D
-1 0 1
= —e s} } e—eoeeo+— +
More anti-EU European Union (EU) More pro-EU
A B : C
faaa. e H 28
S53= reference point " g é E A n;g
Follower 1 \ S35 - 270 v
Follower 2 . W g - L4 ¢ 13
Follower 3 B g L 4 = . 2 [ ] 5
Follower 4 A "
Z'Ste p Follower 5 5
Follower 6
LATE NT S PAC E Ideological Attitudinal
E M B E D D I N G Embedding Embedding
4 Followers ]
. k 7,
Adjacency matrix TWIRGEacen] eo%o l
L4 4
Social graph data Ideological space Attitudinal space

Ramaciotti, Ifiguez et al. SNAM 13 (2023): 14  Peralta, Ifiguez et al. arXiv (2023): 2305.02941



Latent space captures groups & ideologies of MPs and parties

COMMUNITY DETECTION
(stochastic block model + min description length)

Center

Nationalists 1004
O, 10- ! i
@,-S I~
\ Left

Liberal right

1004
10 - |
1

Nationalists

1004
105 .ll_
1

Others
101 ll
Ce 1=
I 'y —

ey TEP39zEQXZ

(a9 w a° o o

w 59

=

|_'_!

(10 parties)

Ramaciotti, Iiiguez et al. SNAM 13 (2023): 14  Peralta, Ifiguez et al. arXiv (2023): 2305.02941



Latent space captures groups & ideologies of MPs and parties

Left is leftist!

COMMUNITY DETECTION
(stochastic block model + min description length)

Nationalists

Ramaciotti, Ifiguez et al. SNAM 13 (2023): 14

19—2 .

Left

Liberal right

1004
10- ~ |
1

Nationalists

1004
e i ll-_
1

Others

10+ 'I
1_ bl

L L—wun O
LTI LR
- o
=

(10 parties)

Peralta, Ifiguez et al. arXiv (2023): 2305.02941
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Twitter users are more extreme (& segregated) than MPs

Nationalism

Antielite

Ramaciotti, Ifiguez et al. SNAM 13 (2023): 14
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Peralta, Ifiguez et al. arXiv (2023): 2305.02941



Twitter users are more extreme (& segregated) than MPs
MPs User (comm.) == User (comm.) COMMUN'TY DETECT'ON

_,__r.........,.nmlllllllll._,/ (by degree) (stochastic block model + 4 comms constraint)

»"a‘_. :
=
0
g
O
E= pod o
=2
User (comm.) = MP (comm.)
o Left
-d.4 6 014 018 112 USERS = \vw Others
Left-Right (by number) ~
Center
_,_'_.nl‘mmllq.._'_ Liberal right
194 o Nationalists
0.8
Q LFI
= 0.4 PCF
.g B 3 PS
E of 4 \ . =
10? k
-0.41 10” 1 1 A& .
10! 102 = MoDem
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Twitter users are more extreme (& segregated) than MPs
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MPs
(by degree)

USERS

(by number)

User (comm.) == User (comm.)

;Y

User (comm.) = MP (comm.)

Liberal right
Nationalists

LFI
PCF

PS
EELV
m PRG

"~ MoDem
LC

LR

Peralta, Ifiguez et al. arXiv (2023): 2305.02941

=

COMMUNITY DETECTION
(stochastic block model + 4 comms constraint)

more centrist // and y groups interact
with others despite their differences

Fraction of outside links

— T — T 1
OszfA o A
Yo2a, B O
v AA Y

v OO0 o6 v
04pOOOPOOBY -
I 5 A
A
| | LA
026—02 04 06 08

LR distance to the center

more extreme @ and O groups segregate
as they diverge in ideology!



Modeling multidimensional political polarisation online

(1) = (x,(2), y{(0), (1), w(2))
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Modeling multidimensional political polarisation online
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(variable) user 4D opinions
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(second) TAKE AWAY: polarisation is inherently multidimensional
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