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Data in Social Computing

Nature of Data

 Many data in social computing is Mothersip.sg &

@MothershipSG

relatEd to huma NS Or prOdUCEd by Over 100 people protest against Covid-19 vaccines

with Healing the Divide founder Iris Koh
humans. bit.ly/3P6pVnm

 Many of these solutions are also e

directly consumed by humans.

9:29 PM - May 7, 2022 - Twitter Web App

30 Retweets 177 Quote Tweets 106 Likes
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Social Data

Dr.STONE @DoctorStone96 - May 8
Replying to @MothershipSG
Well, lets see what latest research says about vaccine vs Omicron:

N
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lories Latest News Discover Singapore

iter after infection adds little extra ben
micron

A second booster shot of the Pfizer-BioNTech
Covid vaccine provides additional short-term
protection against Omicron infections and

severe illness among older adults, according the coronavirus, a third dose of an mRN
1o a large new study from Israel.

ng people who were previously infectec

ine from Pfizer/BioNTech or Moderna n

ost i
e P Lafala @PLafala - Mar 27 -
¥ ot ; Nt o
weeks and almost disappears aftpreighl., ; @DMAtharchi
“weeks. Protection against severe illness did V Rep|ylng to @Mothersl IDSG

infection in particular wanes after just four
g

Russia is winning the war in Ukraine. Probably in another 10 months all of
Ukraine will be liberated.

Watch "Russian Qperations in Ukraine: Week 5 Update” on YouTube

youtube.com
Russian Operations in Ukraine: Week 5 Update

Russian operations in Ukraine enter week 5. Despite
(e e e | Claims Russia is stalled, frustrated, and without a ...
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The Power of Fake to Attract Our
Attention

relative speed with which a story
“travels” on social media.

Actual news story - Ton average, fake stories travel
six times faster on social media
than true stories

Fake news story |G .00

Source: Soroush Vosoughi, Deb Roy, and Sinan Aral, “The spread of true and false news online,” Science 369 (2018): 1146-1151.
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Spread of (Fake) Information

Well, let’s see what
research says about
vaccine vs Omicron

Dr.STONE @DoctorStoned6 - May 8
Replying to @MothershipSG
Well, lets see what latest research says about vaccine vs Omicron:

Cna

fories  LatestNews Discover  Singapore

iter after infection adds little extra ben
micron

Asecond booster shot of the Pfizer-BioNTech
Covid vaccine provides additional short-term

protection against Omicron infections and ‘ :
severe illness among older adults, according the coronavirus, a third dose of an mRA

toa large new study from Israel. ine ﬁ-om Pfizer/BioNTech or Moderna n

i 1o0st their profection against the Omicrr

int of the virus, according to new datal
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ng people who were previously infecte

infection in particular wanes after just four
weeks and almos! disappears afier.el

weeks. Protection against severe illness did
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NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Online Information Diffusion

< >0 >0
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What role can psychology
theories play in modeling
information diffusion?

Well, let’s see what
research says about
vaccine vs Omicron

Hmm..l don’t
think so!
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Goal of the Tutorial

Psychology Theory-informed Design

* Design social computing solutions that are informed by
theories from social psychology.
* Focus on social influence.

Psychology Psychology
theories theories

8&% “ CorSnOpcli,lajcling 1;-

Framework
End-users
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Overview of the Tutorial

Background on psychology theories

Psychology theory-informed design of social influence

‘ Psychology theory-informed design of diffusion models

‘ Future directions
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Role of Theory

* A scientific theory is a testable explanation for a broad set of
facts or observations.

* Different from the way people customarily use the term
(wild speculation, mere hunch).

Attributes of theory

 The power to explain the facts.
* The ability to be tested.

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Problems of Pure CS Theory-
based Social Computing Solutions

* Classical CS-based solutions focuses on computing resource cost
but not on cognitive and social bias in humans

e Conformity may promote or block the influence spread

* Impacts prediction accuracy of the system

Psychology theory-informed Solution

* Make the modeling of social computing problems and solutions
human behavior-sensitive
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What Can Psychology Theories
Do To Social Computing?

Theory-informed Design

* Design social computing solutions that are informed by
theories from psychology (in addition to theories from CS).
 Many social computing framework deals with data related

to humans or are consumed by humans.

Social Social psychology
psychology theories
theories
O .0 Social
QOQ“ Computing ::-
Q System
End-users
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Focus on Social Psychology

Human Behavior

*Adapt our behavior to the demands of the social situation.
* In new or ambiguous situations, we take our cues from the
behavior of others in that setting.

* Social psychology studies the behavior of individuals or
groups in the context of particular situations.

Social Computing and Social Psychology

Human-related data implicitly or explicitly contain cues of

human behavior
* Any social computing framework that do not consider it may

be ineffective in practice.
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Psychology theory-informed design of
diffusion models

Psychology theory-informed design of
social influence

Philip G. Zinibardu Robert L. Johnson  Vivian McCann

)

Future directions

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE




What is Psychology?

As a Field

* A broad field with many specialties.

» Science of behavior and mental processes (brain).

* The science of psychology is based on objective, verifiable
evidence — not just the opinions of experts and authorities.

* Includes not only mental processes but also behaviors.

* Covers internal mental processes that we observe only
indirectly (thinking, feeling, desiring).

* External (observable behaviors) such as talking, smiling, and
running.
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Three Ways of Doing Psychology

 They perform most of the research that creates new
psychological knowledge.

Educators of Psychology

* Focus more exclusively on teaching but some may conduct
limited amount of research as well.

Applied Psychologists

* Use the knowledge developed by experimental psychologists
to tackle human problems of all kinds.
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Psychology Is Not Psychiatry

Psychiatry

* Psychiatry is a medical specialty, not part of psychology at all.

* Almost all psychiatrists treat mental disorders.

e Psychiatrists hold MD (Doctor of Medicine) degrees and have
specialized training in the treatment of mental and
behavioral problems (typically with drugs).

Psychology

 Much broader field — from brain function to social
interaction and from mental well-being to mental disorder.
* Training is not usually medical training.
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Six Perspectives Of Psychology

Motivation ‘ Biological
* Each perspective offers its
owhn unique explanation for m
human behavior.

A Tool to Understand

Human Behavior

* Each perspective is an
important tool in your
“psychological toolbox” for
understanding human
behavior.
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Six Perspectives of Psychology

The six perspectives all play key roles in
developing a holistic understanding of

human behavior

Many perspectives can reasonably apply to
any single behavior — rarely just one
perspective sufficient to adequately explain

the behavior




Sociocultural Perspective

 Who could deny that people exert powerful influences on
each other?

» Sociocultural perspective places the idea of social influence
center stage.

The social and cultural situation in
which the person is embedded can
sometimes overpower all other
factors that influence behavior.
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Spread of (Fake) Information

< >0 >0
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l l interesting ©
 Conform to the group view

It is very

Well, let’s see what
research says about

vaccine vs Omicron

Hmm..l don’t
think so!

T
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Power of the System

System Power

* Power that creates and maintains specific situations

 Many studies in social psychology show that the power of
the situation can pressure ordinary people to commit
horrible acts.

Understanding Human Behavior

* Three level analysis

 The individual’s dispositions
 The power of the situation
 The power of the system
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Understanding Human Behavior

N
e Individual’s dispositions.
Y
N
e The environment that creates situations that
the influence behaviors.
Situation /
~
e Systems shape situations which in turn affects
Power of behavi
the System €navior. Y,
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Relevant Social Psychology
Theories

‘ Conformity Theory

‘ Confirmation Bias Theory

‘ Attenuation Theory

‘ Interference Theory
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Theory of Conformity

» Refers to the inclination to align our attitudes and behaviors
with those around us.

* Long stream of research in social psychology that shows
existence of conformity in social interactions.

* Asch effect —the powerful influence that a group exerts on
the objective judgments of an individual

N = A S __
B *" - ? — —- 5;155.
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Why Do We Conform To the
Group?

Informational Conformity

* People conform to peer views in an attempt to reach
appropriate behaviours and attitudes due to lack of
knowledge.

Normative Conformity

* Desire to be accepted or that keep us from being isolated or
rejected by others.
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Group Group Group
Session 1 Session 2 Session 3

Initially, they differ; but over trials, they converge
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Conformity to claims made by party
leaders and by like-minded media
sources

Percentage of Republicans expressing support
for US missile strikes against Syria in response
to Bashar al-Assad using chemical weapons

against civilians Q7

22
— I
2013 2017

Source: Washington Post/ABC News polls, 2013 and 2017.
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Spread of (Fake) Information

U3 may demonstrate high

conformity. It is very
U2 may be showing high interesting ©
non-conformity.

U2 may block spread of

information.

Well, let’s see what
research says about
vaccine vs Omicron

Hmm..l don’t
think so!
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What Conditions Encourage
Conformity?

‘Unanimity of the majority

* If everyone in the group agrees, they exert a powerful social
pressure

* If one person defects from the majority, conformity can go
down drastically

Size of the group

e Conformity pressure increases when confronting a group of 3
or more.
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What Conditions Encourage
Conformity?

‘Making a public commitment

* If you believe others in the group will not hear your
responses, you are less likely to go along with them
when you think they are incorrect

Ambiguity

 When peoples are more to self-doubt, they yield to group
conformity
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What Conditions Encourage
Conformity?

'Self-esteem

* People who place a low value on themselves are more
likely to conform.

'Makeup of the majority

* More conformity occurs when the group has high status
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Resisting Conformity

lllusion of personal invulnerability

e NOT ME syndrome

e Others may but not me!

* More susceptible to influence agents because their guard is
done and they do not engage in mindful, critical analysis of
situational forces acting on them.
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Can Groups Themselves be
Pressured to Conform?

* Encourages conformity in the thinking and decision making
of individuals when they are in groups (e.g., committees).

* Members of the group attempt to conform their opinions to
what each believes to be the consensus of the group.

* Can lead the group to take actions each member might
normally consider to be unwise.
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When Groupthink Likely to
Happen?

Conditions Promoting Groupthink

e Directive leadership, a dominant leader

* High group cohesiveness, with absence of dissenting views

* Lack of norms requiring methodical procedures for evidence
collection/evaluation

* Homogeneity of members’ social background and ideology

* High stress from external threats combined with low hope of
a better solution than that of the group leader
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Confirmation Bias Theory

Confirmation Bias

e Remember events that confirm our beliefs and ignore or forget
contradictory evidence.
* A powerful and all-too-human tendency.

P TICRTER |;_.=

* Unconscious or
unintentional.

* |t does not mean that
individuals are incapable of
providing perspectives that
counter their own beliefs.

 Unmotivated to do so.
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None are true, but each is believed
by tens of millions of Americans

percentage of respondents saying statement is true

48
Biden mentally impaired mssss— 45
I 43
CDC faked Covid m—— 4
I A1
Trump had stroke ——— 31
I 27
Harris not a citizen —— 27

Source: Indiana University’s Observatory on Social Media survey, November 2020
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Confirmation Bias affects Republicans &
Democrats alike - accepting false claims that
align with one’s partisanship

Trump faked... F 57
Trump had... w 47

Trump cut soc... [ ——————— 4G B Democrats
Fauci paid... LG 51 [ ]

Harris not... IIIEsk— 33
cDC faked Covid |G —— /1
Vote machines... [t e— 76
Biden... NG 3>

Source: Indiana University’s Observatory on Social Media survey, November 2020
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Confirmation Bias example

Of the 34 election presidential debates . ..

debate winner according to post-debate polls

2 0
I
Republicans Democrats

B Republican candidate = B Democratic candidate

Source: Multiple polls, estimated for some on incomplete data
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Spread of (Fake) Information

Hmm..l don’t
think so!

Well, let’s see what
research says about
vaccine vs Omicron
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Theory of Attention
. Attenton

e Aform of mental activity or energy that can be distributed
to different tasks.

Attention is

Selective
Divisible
Shiftable
Sustainable

SR
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The Filter Model

Broadbent’s Filter Model of Attention

eInformation is selected on the basis of physical characteristics.
*The selected information is allowed to pass to later stages
where it undergoes further processing.

*Unselected information is blocked completely.

*An example of an early selection model.
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The Broadbent Model of
Selective Attention

Attended

Unattended

Sensory Filter Pattern Selection Short-term
Store Recognition Memory
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The Attenuation Model

 Formulated by Treisman (1964).

* This theory aims to explain why and how individuals tend to
process only certain parts of the world surrounding them,
while ignoring others.

* Unattended message is attenuated (i.e., weakly processed
information) but not entirely blocked from further
processing and entry into memory.

* The likelihood of information getting through is determined
by its threshold.

* Weakly processed information have different thresholds of
recognition depending on their relevance and significance to
the individual.
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Treisman Model of Selective
Attention

Attended

Unattended

Sensory Filter Pattern Selection Short-term
Store Recognition Memory
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Spread of (Fake) Information

< >0 >0
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Well, let’s see what ﬂ
research says about

. . Uy
vaccine vs Omicron
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Why Do We Forget?

Five Key Theories

* Decay

* Interference

* Motivated Forgetting
* Encoding Failure

e Retrieval Failure

Decay Theory

* Memory degrades with time.

Interference Theory

* All forgetting cannot simply be explained by decay.
« One memory competes (interferes) with another.
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Interference Theory

Retroactive Interference

 New information interferes with recall of old.

Proactive Interference

* Old information interferes with recall of new.
* When learning SQL your knowledge of Python interferes.
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Spread of information in the
presence of retroactive interference

05,00

!
* =

U7 Ug

\\:V r

Well, let’s see what /
research says about
vaccine vs Omicron \
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Testing an Idea Scientifically in
Psychology

* Develop a hypothesis (a specific testable idea or prediction)
e Gathering objective data

* Analyzing the results

* Publishing, criticizing, and replicating the results

Gathering objective data

e Start of empirical investigation.

* |nvestigating a question empirically means collecting
evidence (data) carefully and systematically using a set of
methods.

* These methods are designed to avoid false conclusions
caused by our expectations, biases, and prejudices.
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Framework Used to Investigate
Psychology Theories

Data

ResearCh IIIIIIIIIIIIIIIIIIIIIIPSVChOIogy
1 ’ Question Theories

Research Psychology Empirical s Social Computing
Literature Theories Study Framework

Data
Analysis

Shaughnessy, John J., Eugene B. Zechmeister, and Jeanne S. Zechmeister. Research methods in psychology. McGraw-Hill, 2000.
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Psychology-informed Design
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Next..

Psychology theory-informed design of social influence

‘ Future directions
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Online Information Diffusion

Information Diffusion

A process by which information spreads over a network

Which pieces of information diffuse the most?

* How and why information is diffusing and will be diffused in the future?

*  Which network members play crucial roles?

Diffusion Models

A Applications

{Viral narketin Rumor detection, User behavior \
8 fake news propagation prediction

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Online Information Diffusion

Diffusion Process

{ Structure - -

Temporal dynamics
/Ul
Explain | Predict ‘

Uy
\ Us
0
-
Graph based Non-graph

based Underlying psychological elements

Diffusion
Models
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Psychology-informed design of
diffusion models

Psychology Theory

* Conformity theory

Diffusion

e Attention attenuation and
Models . .
interference theories

e Confirmation bias theory
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Overview of Modeling Psychology

Theories

Attenuation&

Interference

Confirmation
ER

Decompose interpersonal influence strength into
two additive parts

Quantify informative and normative conformity
within these parts

Locate the static activation threshold that contrary
to psychological mechanisms

Replace the static threshold with a personalized
nonlinear growth function

Characterize the influence weight of news agencies
over individuals as state-dependent (i.e., heavily
depends on individuals' current opinions)
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Diffusion Models and Conformity Theory

It is very

Lack of knowledge nteresting ©
Conform for < & tetesting

Avoid being isolated

Well, let’s see what
research says about
vaccine vs Omicron

Hmm..l don’t
think so!

Li, Hui, Hui Li, and Sourav S. Bhowmick. "Chassis: Conformity meets online information diffusion." Proceedings of the 2020 ACM SIGMOD International
Conference on Management of Data. 2020.
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Challenges: Diffusion Models &
Conformity Theory

The private beliefs of individuals may not be
exposed explicitly in social activities.

‘ Conformity of an individual is context-sensitive.

The knowledge of the topology of a social network
is insufficient to model conformity.

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE




Diffusion Models and Conformity Theory

Aim: to better characterize online information diffusion

_ _ _ Extend i
Classical Diffusion model . Information

(Hawkes Processes) Diffusion Model (CHASSIS)

Informational and

normative conformity Learn Observed data

c. Semi-parametric

Quantify inference approach

b. Diffusion Tree Inference Techniques

Li, Hui, Hui Li, and Sourav S. Bhowmick. "Chassis: Conformity meets online information diffusion." Proceedings of the 2020 ACM SIGMOD International
Conference on Management of Data. 2020.
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Diffusion Models and Conformity Theory

'lﬁll '1011
I ] T
-1 -1
—2 1 i —2F i
R, <
B0 B0
3 3
—4 . 4l ]
=5
-5
| | ] |
30% 50% 60% 70% 80% 30% 50% 60% 70% 80%
proportion of activities (SF) proportion of activities (ST)

—H— ADM4 ——  MMEL  —&— CHASSIS-LI —&— CHASSIS-LN —8— CHASSIS-L
= —|= - CHASSIS-El = <~ - CHASSIS-EN - @~ - CHASSIS-E - -@- - L-HP -9 - E-HP
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Diffusion Models and Attention
Attenuation and Interference Theories

—0-50 -0
us U —

U1 Uy U
b < " 7
U4 < U3

U U U
7 6 \ v 5
\ UZ
U3
Activities on Social Networks A Sample Cascade

Luo, Tianyi, et al. "A dissemination model based on psychological theories in complex social networks." IEEE Transactions on Cognitive and Developmental
Systems 14.2 (2021): 519-531.

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Diffusion Models and Attention
Attenuation and Interference Theories

People forward and disseminate online information based on
interest and attention.

Attention attenuation theory

The attention people give to the obtained
information will decrease and shift over time.

=
=
=
N

Interference theory

New information increases people's resistance,
U, » Us hindering its spread.
Us

U, Empirical Evidence

The spread of online information becomes
more difficult as cascade depth increases.
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Diffusion Models and Attention
Attenuation and Interference Theories

LT model (Linear Threshold): each Inactive: influence < 8
node has an activation threshold Active: influence = 6
indicating how easily it be affected. Constant!

Psychological Theories and Empirical Evidence

* The activation threshold of nodes grows nonlinearly over
time and eventually converges to 1.

* The growth function can be personalized.
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Diffusion Models and Attention
Attenuation and Interference Theories

Resistant Linear Threshold (RLT) Dissemination Model

* Extend the classical linear threshold (LT) model
 Based on psychological theories and empirical findings

'RLT Model Validation on three types of networks

* Quantify and compare the dissemination characteristics of the simulation
results with those from the empirical results

‘Sensitivity Analysis and Case Studies

* Explore the effect of network structure and model parameters on
information dissemination

* Perform two case studies to demonstrate the effectiveness and
applications of the model
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Diffusion Models and Attention
Attenuation and Interference Theories

Dissemination of Online Information About COVID-19

- 10°
1.4 — Model fit 2
O —— Baidu index S
< 1.2 =
o o
t 0 2 1071 4
1.0 A c
o
o =
2 0.8 o . ,
S - Consistent with
4+ .
0.6 10 .
& a empirical evidence.
cu
- i >
Q. utbreak perio e H
0.2 E 10-3 — quel .flt
5 —— Baidu index
o
0.0 1 1 1 1 L] L ] T T 1 1 T 1
JanNl4d ;,V{Q Jan 24 Jan 29 Feb3 Feb & Feb 13 Jan14 Jan19 Jan24 Jan29 Feb3 Feb8 Feb 13
Incubate period
(a) (b)
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Diffusion Models and Confirmation Bias

In online social networks, individuals form opinions based on
three factors:

* |nnate opinions - -
. M
* Information from other -/ . .
1 7

individuals

* Information from the U, \ °
news sources/followed - U- <Zs
5
thought leaders

Confirmation bias Social Network

Mao, Yanbing, Sadegh Bolouki, and Emrah Akyol. "Spread of information with confirmation bias in cyber-social networks." IEEE Transactions on Network
Science and Engineering 7.2 (2018): 688-700.
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Diffusion Models and Confirmation Bias
A Dynamics of Cyber-social Networks

Informationally symmetric
and static

Informationally asymmetric

Confirmation bias impacts

Social Networks connectivity = dynamic

Cyber layer
(News sources/Thought leaders)
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Diffusion Models and Confirmation Bias
Features of the New Opinion Dynamics Model

. e All agents converge to the
>
-(V _ ) me state)
- ,
ol

U, Steady-state (equilibrium)
-
T —e+ Individual’s opinion
Social Networks Dynamic update mechanism
- (Confirmation bias )
* The weight of influences

Cyber layer
(News sources/Thought leaders)
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Diffusion Models and Confirmation Bias

'Propose a Dynamics of Cyber-social Networks

Individual’s opinion update mechanism is a convex combination of three
factors

'Compute the Equilibrium Point of Proposed Dynamics

Compute the equilibrium point of the proposed dynamics under linear and
nonlinear state-dependent weight functions

‘Analyze the Impact of News Agencies Using Proposed Dynamics

Using the proposed dynamics to study the effects of the distribution of
news agencies’ opinions and the distance between polarized opinions of
news agencies in Krackhardt’s advice network
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Diffusion Models and Confirmation Bias
Distribution of News Agency’s Opinions

®
. One news agency
%" \ .
l‘ } "‘»:“‘ .-_:~ ’: !1
S |
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Diffusion Models and Confirmation Bias
Distribution of News Agency’s Opinions

1
08 yE[O.l, 0.9]

Ui f(y) Z{

0, otherwise

U2 results in bigger

1
Uy: f(y) = {ﬁ' Y€l041,0.2]u[081] sample deviation than U1
0, otherwise

News agency influence

critical individual

(a) Standard Deviation under Diffepet\i . (b‘) O,theqre? Distribugien

T T T T T T T T T T T T
20} Q) |
18 .

=k Distribution U1

-m Distribution U 2

Outdegree

Standard Sample Deviation o

L MH

19 29 39 4° 50 §° 70 8% 90 10° 119 12° 13° 14° 15° 16° 17° 18° 19° 20° 21° 17 27 3 4 5 6 7 8 ¢ 10 11" 12713 147 15 18 17 18 19 207 21
Individual Index Individual Index

Individual index i°: news agency N; influences individual i solely
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Diffusion Models and Confirmation Bias
Distance Between Polar Opinions

Y!!l’_}i. \\

Two news agencies

\ s
Y \’i f
X7 ”!‘f,&\!
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Diffusion Models and Confirmation Bias

Ll
S
< - =icCCCIICCIZIIyooIIoiiiizzioS
2 5|2 % - o
_ Rl i
[l [ S — f S ———————— > o=
1 2|15 9 ~ e
< =
| S 12wt 3 12 = n
[CTIIIooIITooyooIoooIIiiiilool S o W
[x]]
=] n —
i (%]
< @© o
. A iuieiuibsiuiuiuinioh isieiuisiuisisiuiupuiets (PN w
S w© e w0 ° g © e @ °© = =
uoyoun Aysuaq Anjgeqold uonoaun4 Asusq Aljgeqold =z
— — — — U
£y b N ettubutubuiuttuiuuly iutupupupupuipuputuputs N o _
_ ol 2 <
5 i . =
_ |==-===p-==- M/_H ............. “ u || P 0 S %
= = ' =
[CTIIIICICIZIvCIIIIIIIIIIZ] S & > -
= Ko (=)
s — 4
w [ - H
O I222IIIIIIIII¥CIIoooIIIIIz T o+ o
=] t T i = .B Ll
= g B 5 = R G = 0 ° T e
uonaun4 Aysuag Aigeqold uoround Aysuaq Aiqeqold m (L)
— T T L — F— T T T - N
2 2|2 — <
B Wl | |poooooooooooogpooooooooozood & rm W
g o 2|18 el <
s PECTEELEEPEET o wr ||| = w3 <
- = &
s = B
ur el Rttt L
T
. = = L =

uonoun4 Asuaq Aigeqold

uonaun4 Aysuag Aligeqoid



Diffusion Models and Confirmation Bias

Competitive information spread on networks

* Misinformation spread . _ .
« Political polarization Confirmation bias (CB) helps

create “echo chambers”
[ ] within networks

M
. I
U

U, Y Not considered by
Us ' o prior works
U,

Mao, Yanbing, and Emrah Akyol. "Competitive information spread with confirmation bias." 2019 53rd Asilomar Conference on Signals, Systems, and
Computers. [EEE, 2019.

Mao, Yanbing, Emrah Akyol, and Naira Hovakimyan. "Impact of confirmation bias on competitive information spread in social networks." IEEE Transactions on
Control of Network Systems 8.2 (2021): 816-827.
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Diffusion Models and Confirmation Bias

'Adopt the Opinion Dynamics and a Linear CB Model

* Adopt the aforementioned opinion dynamics with two competitive
information sources and a linear CB model

'Analyze the Information Spread with Two Information Sources

e The problem is formulated as a zero-sum game
* This game admits a unique Nash equilibrium which is in pure strategies

'Study the Impact of CB on the Nash Equilibrium

* Analyze how the equilibrium-achieving strategies depend on the the
innate opinions of the public , network topology parameters, and the CB
parameters

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Diffusion Models and Confirmation Bias
Opinion Dynamics and the Linear CB Model

JEV

l ! l

Innate Influence from  Information from two
opinion  other individuals  information sources

« x;(k) € [0,1]: individual v;s opinion at time k

* s; €]0,1]: individual v;s innate opinion
* Extreme innate opinions: § £ ma}/x{si},s 2 r_ni‘}l{si}
lE - lE

*  w;;: the influence of individual v; on v;

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Diffusion Models and Confirmation Bias
Opinion Dynamics and the Linear CB Model

JEV

Innate Influence from  Information from two
opinion  other individuals  information sources
Aim Move the public
* h, g: opinions of co_mpetitive information sources opinions to the two
* 0=sg=s=s=sh=l extremes they present

. Wi(xi (k)), Wl-(xi(k)): state-dependent influence weights on individual v;

* Wi(xi(k)) = B —ylx;(k) — h| HInear CB Models S,y € R: bias parameters
+ w6 () = B~ ylx () — gl

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE




Diffusion Models and Confirmation Bias

Zero-sum Game Problem Formulation

Alice (g € [0,s]) | Competitive
Bob (h € [s,1]) Information Sources

Cost function f(g, h):
* Alice’s objective is to maximize f (g, h)
* Bob’s objective is to minimize f (g, h)

Nash equilibrium: a state that gives Alice
and Bob no incentive to deviate from their
initial strategy.

<3 74l "il/A\\"

T 7~
SLEL
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Diffusion Models and Confirmation Bias
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Diffusion Models and Confirmation Bias
Nash Equilibrium withCB: y # 0
Innate opinions

* Others:s; = 0.75 S: the average of innate opinions

The Nash equilibriumis (g*, h*) = (s,1) = (0.2,1)

-2.76

It
o
o

S0 CB moves the Nash equilibrium toward the
5 center only when the innate opinions are
E ,_ not neutral, and this move occurs for only
§ 21- ye | one of the information sources.
b Nash equilibrium (0.2,1) |
0 e R 1
005 I - g
Bob’s opinion gD'15 02 08 Alice’s opinion h
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Next..

‘ Future directions
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Ideal Influence Propagation

@I:f'ne is good ]
xphone is good

\ xphone is good

xphone is good

xphone is good \ @e is good
xphone is good :

Word-of-Mouth Effect: The information propagation process iterates
through friends-of-friends and reaches a large population in the end

H. Li, S. S. Bhowmick, A. Sun. 2013. CINEMA: conformity-aware greedy algorithm for influence maximization in online social networks.
H. Li, S. S. Bhowmick, A. Sun, J. Cui. 2015. Conformity-aware influence maximization in online social networks.
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Social Influence Estimation

Influence Function

* Influence function of a seed set S, denoted as o(S), is the

expected number of users influenced by S.
* Foranodevé&s, a(SU{v}) —a(S)isthe marginal influence of

v with respect to S.

The graph is a simple social network with all
weights equal to 1.

Seed Influenced nodes o(S)

vl vl, v3, v4, v6, v7 5

vl v2 | vi,v2,v3,v4, V5, v6, v/, v10, vll 9

H. Li, S. Yang, M. Xu, S. S. Bhowmick, J. Cui. 2023. Influence Maximization in Social Networks: A Survey.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE




Psychology-informed Social Influence
Propagation

There are different roles in influence propagation.

vy The new
iPad icro oven tablet iPad is vs: Rel iPad is —
the best of its | | certainly ve: Re: Il
kind... amazing... yit..
micro oven iPad
® B BCER )

* Influencee (individual who
is influenced by others)
— conformity Q(u)

e Influencer (individual who
is influencing others)
— influence ®(u)

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Psychology-informed Social Influence
Propagation

Different person may show different persona during the
conversation with others.

e Easily influenced: * Hardly influenced:
mostly conform to mostly show
the others’ opinions opposite opinions

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Psychology-informed Social Influence
Estimation

Prob[u - v] could be affected by ®(u) and Q(v).

However, some research mainly focus on @(u).
Existing work may not exhibit satisfactory result
with respect to influence and conformity.

How to quantify the different persona of different
person? - Conformity.

H. Li, S. S. Bhowmick, and A. Sun. 2011. Casino: towards conformity-aware social influence analysis in online social networks.

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Overview of Modeling
Conformity Theory

Quantify the influence w.r.t. the
conformity of each individual

e Distinguish and quantify the effects of
the different types of conformities.

e Leverage conformity in computing the
Influence propagation probabilities of nodes

Maximization e Incorporate friend conformity and group
conformity in group-based IM task

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Conformity-aware Social Influence
Estimation - CASINO

Signed Network: An edge representing trust relationship is
labeled as positive, otherwise negative. And G(V, E) can be
represented using a pair of graphs G*(V, E*) and G~(V, E7).

v: The new tablet iPad2
is the best of its kind...

(=)

w: Re: iPad 2
sucks...

u: Re: iPad 2 is certainly
an improvement over the
original iPad...

3 Q

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in on

ine social networks.



Conformity-aware Social Influence

Estimation - CASINO

Edge Labeling

Sentiment based analysis using LingPipe

Social networks may provide edge signs (i.e., Epinions) or not (i.e., Blog)

Sentiments: dislike, somewhat dislike, neutral, somewhat like, like

(e.g., Twitter)

Signed Network

Positive/negative: sentiments at
both ends are similar?

Similar: sentiment similarity
threshold is less than €

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks.

like

dislike

:Re: iPad 2
sucks...

u: Re: iPad 2 is certainly
an improvement over the
qriginal iPad...



Conformity-aware Social Influence
Estimation - CASINO

Basic intuitions

Number of conforming followers = high influence
Number of conformed people = high conformity Investigate the

— mutual effect
Considering negative edges between them

Number of negative followers - low influence
Number of negative following - low conformity

* Influence and conformity Indices:
— () = Ygpeps QW) — Ygpep- 2@

— W) =Yg+ PW) — Yipep- P()

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks.
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Conformity-aware Social Influence
Estimation - CASINO

Complete indices calculation process! * Anode’s influence in one
component is not
significantly affected by
nodes in other components.

topic-based edgelabel(Ga/) indicesCompute(Ga;*,Gar)
/ﬁ]u‘ subgraph extraction Ga1 Pai(U1),Q44(u)
k .
21,1\2 A, é + +
Us
u
@Pﬁ@ a _ O, ()
2 6
A Ga> ¢A1(u2)1-QA1(u2) )
@4—%4& };ﬁﬁ Gas
Uy Us Ug u 94—& &
&4—& 3 4 Us
Az Az Uz U
Ug 6 Pa1(Us),L2a1(Ue)
8/ & o e
usz Ug

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks.
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Conformity-aware Social Influence
Estimation - CASINO

(L85 - - - - - . - - - 054

oss f N 0s2 f N

e T I: influence
= = C: conformity
I oampe < 06 P: positive

7% 074 .

N: negative
0/ 1 Ly I
07 — _— ] e —
K MNE 40K 60K SIK 100 1205 120K 160K 180K AWK 0 205 40K 60K 50K 100K 120K 120K 160K 180K 206
#Edg:‘.\ #fdglf'.\
(a) Epinions (b) Slashdot

Signed edge prediction: ICPN > IPN > PN

* Considering influence of nodes improves prediction accuracy.

* Considering both influence and conformity further improves
the accuracy.

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks.
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Conformity-aware Social Influence
Estimation - CASINO

* The most influential nodes hardly conform to others in
Twitter and Slashdot.

0.15 le+006 0.18 100000 le+006
D(u) = Qu) P(u) = (u) 12 D(u) = Q(u)
0.12 100000 .15 10000 100000

10000 0.12 0.0 10000
8 0.09 3 1000 g
= = =
2 E 2 g 1000
z . - 1000 2 009 2 oo
E 0 0.06 £ 100 E 0
100 0.06 n 100
0.03 B
0.03 . 10 0.03 10 10
0 ! 0 ! "0 o0m 006 09 on I
0 003 006 009 012 015 0 003 006 009 0.2 0.15 0.18 03 006 009 0.2
Conformity Conformity Conformity
(a) Epinions (b) Slashdot (d) Twitter (All)

* The most conforming nodes also influence others (in all the
three networks).

H. Li, S. S. Bhowmick, and A. Sun. 2011. “Casino: towards conformity-aware social influence analysis in online social networks.
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Conformity-aware Social Influence
Estimation - Confluence

[zéiiiTeisgood [zéiig?eisgood xphone is good

EzézijffisnOthOd

xphone is good

individual conformity
Conformity < peer conformity

group conformity

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

individual conformity how easily user v’s
Conformity < peer conformity behavior conforms

to her friends

group conformity

¢ is a threshold of difference between
the time when the two users v and v’
performed the same action a
Exists a friend \Y‘JI\VhO performed
the same actiomrat time t’

A specific action performed
by user v at time t

Va

. (a v, t): user v, performed
*a-ctlon a€EA (A action

h'“stoxy) attime t ot
" N
Ka,’v,t)le Ay|3(a, 0" ) ey € E /\Qe > t — ¢t > m

’in(’U) = s - S e e
| Ao |

i
¥
All actions by user v

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

individual conformity how likely the user v's
Conformity < peer conformity behavior is influenced by

one particular friend v’

group conformity

A specific action performed User v follows v’ to perform
by user v’ at time t’ the action a at time t
X, 7
\\\ ,//
, |(a,v",t') € Ayr|3(a,v,t) i ey E EANe>E—1 > 0|
pef(v,v") =
|A;u’|

1
v

All actions by user Vv’

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

individual conformity conformity of user v's
Conformity < peer conformity behavior to groups that

the user belongs to

group conformity

T-group action: an action performed by more than

a percentage t of all users in the group C,
User v conforms to the group to

‘\ o o °
A spetrﬁg\r\-group action perform the action a at time t

x

\\\:\\x\~ ,,,/’
\ S ¢
\ ,’ ~ 4
|(a,v",t") €fAT, Y3(a,v,t) : Ilcix] ANe >t —t' > 0|
gef (v, Cyr) = ‘*.(21‘) &
AT, |
k

v

All T-group actions performed
by users in the group C,

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

Graphical representation of the Confluence model!

Confluence model

Random variable y:

- .
/_ Input Network -\\ Action
Group 1: C4 .
Group conformity factor
V2
- three groups for vl
J g(v, gef(vy, G;))
{?rr{;;up Ny
N Peer conformity factor
(L wsd /\LV ) four peers for v1
N ‘ ' 3: y, g(yll Y2 pCf(v1r V?))
V7
o =/ . :
Individual conformity factor

one for each user
g(vy, icf(v,))

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

By integrating all the factor functions together, and according to the Hammersley-
Clifford theorem, it can obtain the following log-likelihood objective function.

capture the correlation between the user’s attribute
O(0) =log Po(Y|G, A) / x;(the j-th attribute of user v;) and user’s action

N d !

. |111J-z-| 1 t—)f / o .

=> [y 0f (i i) +EI£1(yi, icf(vi)) glys, icf(v)) = Zk=1 5) ‘A]l[|yJ Aeij € E]
1=1 1=1 d .

+ > Iy 1N9(vi» 5 wf(vwm\-g{yﬁy;,pcf(vnvmz@%Pcﬂ”ﬂ’"ﬂ

J ' 1, =t
—|—ZZ]1[C:1-;; ik i f_‘.f(“U‘z',CkL tog g(yg-,y_,-,pcf(m,vj)):(i) > pef(vi,vj)

0 = ({a}, {B}, {v}, {1}) is a parameter configuration estimated from
the training data (i.e., historic users’ actions). It can quantify the
importance of the different types of conformities for each user.

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

0.5, 1
Il Witout Conformity Il Without Conformity
. 0.75{ Wit Conformtiy _ T Jwith Canfarmntiy
G085
e |
< 0.7 E4
2 £ 09
5 0.85 5
Q [&]
§ 0.6 § 0.85
% 055 5
g E 08
o 0.5 o
Z £ 075
< p4s <4
0.4 0.7

SV LRC NB RBF  CRF Confluence SV LRC NB RBF  CRF Confluence

(a) Flickr (b) Gowalla

0.8 1
Il Without Conformity Il Without Conformity
. 0.75H] C_with Conformti — [ Iwith Conformt
goss

< 0.7 =
2 £ o9
5 0.85 5
a a
§ 0.6 § 0.85
% 055 5
= 2 08
2 05 2
2 £ 075
< p4s <=

0.4 0.7

5WM LRC NB RBF  CRFConfluance 5WM LRC NB RBF  CRFConfluance
(¢) Weibo (d) Co-Author

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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Conformity-aware Social Influence
Estimation - Confluence

1

- CDI'ﬂUEIHEEhm
- Dnrﬂluenc:ebmﬂ
0.9H{ T contuence,_+¢ * Confluence,,,: Confluence
-Z::“E"cﬂm+; method without any social
- LEnce, +
o= based features

o
o

e I:individual conformity
* P: peer conformity

e G: group conformity

* CF: conformity features

o
-]

Area Under ROC Curve (AUC)
-]
o

-
o

Flickr Gowalla Weibo Coauthor

Effects of different levels of conformities:

* Without the conformity based factors, the prediction
performance drop significantly.

* The group conformity is more important than the other types.

J. Tang, S. Wu, J. Sun. 2013. Confluence: conformity influence in large social networks.
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From Social Influence Estimation to
Maximization

Definition of Influence Maximization

Given G = (V, E) and a positive integer k, select a set S* of k users
from V as the seed set to maximize the influence spread o(S%),

5" = argmaxscynpsi<k 7 (5)

oOQ% Viral Marketing:
0© Now, a marketer may provide some

O , _ o . . .
o Is A the optimal choice? individuals in a social network with

O Q Q ®) .
Qo © o free products in exchange for them to
Q/Q O spread the good word about it.
90 @ OO
0

H. Li, S. Yang, M. Xu, S. S. Bhowmick, J. Cui. 2023. Influence Maximization in Social Networks: A Survey.
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Taxonomy of Research Related to
Influence Maximization Problem

Extend IM Algorithm
| Topic-aware IM | Time-aware IM |
| Adaptive IM Location-aware IM |
| Dynamic-aware IM ~ —=—-Sogial ps\yclpl&gl-/gwa@- Li et al. cIearIy organize
C tetive IM Budgeted IM . .
= e and differentiate
IM Algorithm Y existing research
Approximate Sampling Heuristic Locally-based related to IM problem.
Simulation Snapshots || RR sets GLOb;liy' One-Hop | | Multi-Hop
W
Diffusion Model The foundation of the
Progressive Non-Progressive IM problem includes
L JLwe]) [ e ]| | rSmes | [ e Y diffusion models and
[ LT [Random | [Uniform] [Parallel Edges] | Model Model _

H. Li, S. Yang, M. Xu, S. S. Bhowmick, J. Cui. 2023. Influence Maximization in Social Networks: A Survey.
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Approximate Algorithm of Influence
Maximization

Greedy Algorithm

Kempe et al.[*] presented the first approximate algorithm based
on hill-climbing strategy, which is illustrated as follows.

David Kempe, Jon M. Kleinberg, and Eva Tardos. 2003. Maximizing the spread of influence through a social network.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Heuristic Algorithm of Influence
Maximization

High-degree Heuristic

* Degree is frequently used for selecting seeds in IM problem.
For example, the high-degree heuristic chooses nodes v in
order of decreasing degrees d..

D. Kempe, J. M. Kleinberg, and E. Tardos. 2003. Maximizing the spread of influence through a social network.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Classical IM Solutions

N EWGREEDY STATICGREEDY

SKIM, RIS,PMC SSA, DSSA
TIM TIM+ MM BKRIS

|
|
|
I
| _ LDAG SPIN IRIE IPA GROUPPR
I SP1M DegreeDiscount  ma/pMIA SIMPATH BPPB SVIM IMRANK EasviM
|
|
: GREEDY CELF CGA CELF++ UBLF
|
|
S
2000 2003 2006 2007 2009 2010 2011 2012 2013 2014 2015 2016 2017
Simulation-based M ethods Heurigtic-based Methods . Sampling-based Methods

The figure shows more representative work and milestones
for classical IM solutions across all three categories.

Although these works have made significant progress in terms of performance,
conformity theory is often ignored in these models.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

H. Li, S. Yang, M. Xu, S. S. Bhowmick, J. Cui. 2023. Influence Maximization in Social Networks: A Survey.



Conformity-aware Social Influence
Maximization - CINEMA

The formal definition of C2 model

Let A; be the set of nodes activated in the i-th round and 4y = S.
For any (u,v) € E such that u € A; and v € A;, v is influenced
by u in the next (i+1)-th round with probability @ (u)Q(u)

Thus,  peaal=1- [[ a-ewmew)

u€d;,(u,v)eE

Besides, this effort is also extended by considering context-
specific influence and conformity of nodes in C3, which
incorporates topic-aware influence and conformity into C2.

H. Li, S. S. Bhowmick, A. Sun. 2013. CINEMA: conformity-aware greedy algorithm for influence maximization in online social networks.
H. Li, S. S. Bhowmick, A. Sun, J. Cui. 2015. Conformity-aware influence maximization in online social networks

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Conformity-aware Social Influence
Maximization - CINEMA

Under IC model with p=0.5, let X denote the set of activated
edges, then o(v1) can be computed as

o(v;) = Prob[v;v; € X] X 1 + Prob[v,v; € X,v3v, € X| X 2 + Prob[vlvf; € X, 17317; EX]x3

Candidate Seeds List (IC model p=0.5)

Node o(+)
Vg 1.875

A 1.75
Vv, 1.75
A 1.5

Vv, 1

H. Li, S. S. Bhowmick, A. Sun. 2013. CINEMA: conformity-aware greedy algorithm for influence maximization in online social networks.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Conformity-aware Social Influence
Maximization - CINEMA

@‘_@ Candidate Seeds List (C2 model)
Node o(+)
Vv, 1.73
Vv, 1
Indices (computed by CASINO) y =
Node | Influence | Conformity VS 1'
v, | 0.68 0.21 ’
V, 1
v, 0.68 0.11
V4 0.18 0.94
Under IC model - select S={v.}
v, 0.3 0.21 ,
Under C* model - select S={v,}
Ve 0.18 0.11

H. Li, S. S. Bhowmick, A. Sun. 2013. CINEMA: conformity-aware greedy algorithm for influence maximization in online social networks.
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Conformity-aware Social Influence
Maximization - CINEMA

Complete seed set selection process!

* Phase 1l:Thenetw ¢ Phase 2: The conformity < Phase 3: The mag-list
partitioning phas computation phase. construction phase.
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Conformity-aware Social Influence
Maximization - CINEMA
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* All the other approaches exhibit poor performance under
C2 model

 They only account for 60%, 66%, 57% the performance of
CINEMA
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Conformity-aware Social Influence
Maximization - CINEMA
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 Seeds selection phase (phase/step 4) dominates the
running time
* The running time of CINEMA is similar to MixGreedy-IC

H. Li, S. S. Bhowmick, A. Sun. 2013. CINEMA: conformity-aware greedy algorithm for influence maximization in online social networks.
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Conformity-aware Social Influence
Maximization - GIM

For user u, user profile A, Users’ profiles
contains d attributes denoted User | Profile={Gender, Basketball,
asA, = {al,u' CIR ad’u}. Tennis, Football, Movie, Book}
U, AF1,1,0,0,0,0
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Conformity-aware Social Influence
Maximization - GIM

Use discriminative attributes to describe a group. It explains well
for one group and differentiates this group from the others.

Groups’ profiles
VN AN Group | Profile={Gender, Basketball,

Y/ | ¥\ /e Tennis, Football, Movie, Book}

/- \ |3L \; ,,/\ 10 |1I2 M, pM7={0, 0,1,0,0, 0}
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Y. Li, X. Gan, L. Fu, X. Tian, Z. Qin, Y. Zhou. 2018. Conformity-Aware Influence Maximization with User Profiles.
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Conformity-aware Social Influence
Maximization - GIM

Friends —— similarity between a pair of friends’ profiles
Conform to <

Group — similarity between profiles of user and group

: A -A
B Slm(Au' Av)zz - va.
ai’uEAu Lu
. AuPM]
_ sim(4,, PM].)= ,u € M;

a;
Z ai,u EAu l;u

Generally, information Q can also be marked by multiple features.

d
== . 4 A ofl -
sim(A, Q)= 2=1 = &
— (h: the number of information attributes)

pro(u,v) = sim(A,, 4,) X sim(4,, Py,) X sim(4,, Q)

Y. Li, X. Gan, L. Fu, X. Tian, Z. Qin, Y. Zhou. 2018. Conformity-Aware Influence Maximization with User Profiles.
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Conformity-aware Social Influence
Maximization - GIM

Group selection 3 members 3 members

* Arrange the groupsin a /

decreasing order w.r.t. sizes. / /g H‘\_' 1"‘ \-., |/ﬂ ';[ \
« According to k, assign one seed {'( 2—L ;' \i - & “’“‘}'&
for each group. \Isf \; /K ~— _}M 'lg
*  When group M, has been ¢ T35 w)e 2 o |
assigned with seeds, its N 9 “VUg= 9/

neighbor groups will not be N S
allocated any seed. 5 members

6 members
MR = {M5, M3, M4, M2, M1}
k=2, {M5, M3}

MC = {M5, M3}

Y. Li, X. Gan, L. Fu, X. Tian, Z. Qin, Y. Zhou. 2018. Conformity-Aware Influence Maximization with User Profiles.
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Conformity-aware Social Influence
Maximization - GIM

Seed selection

* total number of nodes in each group u is involved in = high cardinality
e the similarity between involved groups and u = high similarity

rank(u) = Z |M;| X sim (Au, PM].)
— M;¢TueM;
(T: the set of groups in M that already have seeds allocated)

— o(S) = Z rank(u)

Uues

Y. Li, X. Gan, L. Fu, X. Tian, Z. Qin, Y. Zhou. 2018. Conformity-Aware Influence Maximization with User Profiles.
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Conformity-aware Social Influence
Maximization - GIM

Complete seed set selection process!

We assume that each vertex has the same similarity 0.5 for each
group on the profile and k = 2. And we know that M¢ = {M5, M3}.
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Conformity-aware Social Influence
Maximization - GIM

Influence spread
g
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(a) User number n = 1000, group number m = 20
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(b) User number n = 2000, group number m = 50
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Psychology-aware social influence
Est. and Max.: Besides Conformity

Normative vs. Informational conformity: leads to
the same influence

Attention attenuation: LT diffusion model -> RLT
model; est. and max. following RLT

Confirmation bias: Topic-aware IM & Cost-aware
VM

H. Li, S. Yang, M. Xu, S. S. Bhowmick, J. Cui. 2023. Influence Maximization in Social Networks: A Survey.
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Expansion to Larger Social
Computing Problems

* Trigger rethinking of existing social computing solutions

'Community Search

e Social psychology influence interactions between individuals
e Existing community search techniques are psychology-
oblivious

Bias and Fairness

* A lot of research activities in recent times.
e Solutions are typically not informed by psychology theories
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Expansion to Larger Social
Computing Problems

Fake News Propagation

e Confirmation bias plays a significant role.
* Techniques can benefit from psychology-informed design.
e Potential to improve understanding and accuracy.

‘Social Data Quality

* Collaborative editing of Wikipedia
* Influenced by confirmation bias, conformity.
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Expansion of Psychological
Theories

e Tip of the iceberg

* Conformity theory
* Confirmation bias

* Interference theory
e Attenuation theory

Role Theory

* Roles that people occupy provide context that shape
behaviour

e Potential to contribution to information propagation
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Expansion of Psychological
Theories

Social Impact Theory

 Amount of influence a person experiences in group settings:
e Strength (power or social status) of the group
 Immediacy (psychological or physical distance)
* Number of people in the group exerting the influence
e Useful for understanding social influence

'Cognitive Psychology

e Study of how people think and process information
* Cognitive load theory
e Check out our tutorial at SIGMOD 2024!
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Data-driven Quantitative Model
of Psychological Theories

* Existence of massive human-related data
* Can we model psychological theories at scale?
e Data-driven techniques to influence psychology

Early Efforts

* Modeling of confirmation bias
* Conformity
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Conclusions

Think about the role psychology theories
can play in designing social computing
solutions

Review relevant research on this inter-
disciplinary topic
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