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Cognitive dissonance [1,2] refers to the psychological stress arising from
holding two or more contradictory beliefs, ideas or values.

Objectives Cognitive Dissonance Theory

Uin thiec

J)

1. Identify & quantify cognitive dissonancein
individuals, communities and societal subgroups

Model & predict shift of beliefs & opinionsover time

Develop a general theory of belief shift, predicated by
the need for cognitive consistency

1. Miller, M. K., Clark, J. D. & Jehle, A. Cognitive Dissonance Theory, 2015
2. Festinger, L. A Theory of Cognitive Dissonance. Mass communication series, 1962
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Summary

We aim to detect and quantify cognitive dissonance in individuals, communities,

and societal groups, and ultimately craft a general theory of belief shift over
time, driven by the need to maintain and maximize cognitive consistency. We bring
together psycho-social theory, stochastic processes, and large deviation analysis
from information theory to predict likely choices and actions under cognitive
conflict and chart the long-term stochastic dynamics of belief evolution. Our key
innovation is the formulation of the notion of cognitive dissonance as

a information-theoretic measure of surprise; computed as the deviation of an
individual's opinions/beliefs from what is predicted by inferred models that
optimally encode the responses of a wider random yet socially matched
population. We develop a novel machine learning framework (recursive decision
forest) to automatically seek out individuals with high dissonance, and topics
around which significant dissonance exists in social groups. Precise mathematical
formulation of a metric between opinion vectors allows us to view, model and
predict real-world belief trajectories as they evolve. We develop and validate our
models on the General Social Survey dataset (1972-2018), which provides a cross-

section of the American Society spanning four decades.

Highlights | Accomplishments Y4

Automated inference of complex

emergent dependencies between opinions & beliefs
using General Social Survey (1972-2018)

Recursive decision forest of conditional inference
trees as anew tool for analyzing opinion surveys

Intrinsic metric on the space of opinions, with
the provable property that closer opinions have
higher odds of spontaneous shift

Application of large deviation theory to stochastic
dynamics in opinion space, demonstrating belief
shift trajectories over time

Paper draft under
preparation
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https://pypi.org/project/quasinet/

Core ldea:

Opinionshave dependencies

Infer these dependenciesusing a novel ML
framework called recursive forests of
conditional inference trees

Visualize dependency graphs among
opinionsover time

Define a metric on space of opinions, to
visualize the opinion geometry of the US
society over time

Measure the probability of spontaneous
shift, leading to a theory of belief shift with
the ability to simulate/forecast belief
trajectories
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. Framework & Background
dependent .
beliefs/opinions .
/op i Dissonnance:
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. Why is this hard: Opinions and dependencies change

over time subject to new information, ground truthis

individual often unknowable
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Framework & Background

dependent
beliefs/opinions

el

Knowledge is important to
\. experience and detect dissonance

no cognitive dissonance

1. Smoking is not bad for health
2.1 am health conscious

<
e

—@

3.1 smoke

7
® @

1. Smoking causes lung cancer
2.1 am health conscious

individual 3.Ismoke
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Framework & Background

inferred dependency ;
structure from grou ®
group e X,

e Everyone has accessto
same facts/knowledge

e Rational beings, with
possibly different core
beliefs / axioms

e |ndividual reaches
different conclusion
suggests breakdown of
logical consistency

. ANBAN---— =C

individual
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ORRPA

Framework & Background

inferred dependency
structure from group

individual surprise
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Theory



Collection of all such conditional inference trees is the recursive
forest, answering the following question:

If we have n questions/topics X1, - , X,
and we have a subject responding with
L1y yLji—1yLitly" " yLn—1;
then the distribution of responses to question X; is given by
®; 2 ]|, % — D(%)
where D(Y;) is the set of all possible distributions

over the set of all possible responses >;;
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Intrinsic metric between opinion vectors

For two opinion vectors z,y

0(z,y) 2 Ei (1} (@ (2-0), 2P (y-4)))

where P, () are possibly two distinct populations
with distinct gnets, such that
x e P,yec (@ and

J is the Jensen-Shannon divergence
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Towards A Formulation for Spontaneous Shifts

\g\

N

Similar opinion vectors can spontaneously switch:

Intrinsic metric quantifies the odds of this
spontaneous switch
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Three Fundamental Equations for Opinion
Geometry Inference and Belief Shift Dynamics
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‘DARPA questions/opinions X1, Xo, -+ , X, -+, Xn

=7 Assume that one question

X; HENEEEEENEEEEEEE

is unanswered.

Given this
<«— distribution the
probability that "b"
is the answer

Distribution of
responses to this item

. given remaining

responses
Follows from first principles: PT’(ZB c P — Y Q) = Hz\il CI);P(CB—.;)

(Distance metric such\ ‘

that log-likelihood of
jjmggscgls;agct)heo Q(m, y) = Ez (Jé ((I)f(x—z), (I)zQ (y—%)))
\ distance )

‘-,,theorem

2 2
Wy € \{g—j\; 0(x,y) > PT’(ZB c P Y € Q) Z wye—‘/lg_j\;é’(;c,y)
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Dynamic Modeling & Spectral Analysis

Average Dissonance for sample:
Transition Matrix between samples:
VBN? O(x
— o ’y []
wye 1 (@) ifx #y
1— > sy Py otherwise

N: number of questions, & = significance level (.95)

P,, =

Belief Spectrum on population:

vP = v
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Component Conditional Inference Trees Computed for
specific GSS Variables for Different Years

‘mare thn once wk
sevrl times a yr
It once a year
2-3x a manth

once a year

every week jewish
none
other

protestant

nrly every week

abnomore
ance a month

Itonce a week
once a week
several times a day
several times a week

believe sometimes.
it believe
know god exists
o way to find out
some higher power

believe but doubts

refused
yes

no no yes
Prob: 0.739 Prob: 0.63 Prob: 0.952
Frac: 0.068 Frac: 0.056 Frac: 0.402

other asian
some other race
white

ot very strang
Prob: 0.615
Frac: 0.045

american indian
hispanic
black or african

more thn once wk

asian indian
once a year

PRES16

almst always wrg

ind,near rep
always wrong o5 w5
erong oty | Prob: 0.938 Prob: 0.983
Frac: 0.061 Frac: 0.412

independent
strong democrat

not str democrat

didn't vote for president

'
other candidate (specify) d”"itak"m"’
ind,near dem |not str republican clinton no angwer
ind,near dem strong republican other party trump
ind,near rep
not str democrat favor favor
independent not str republican Prob: 0.791 PRES16 Prob: 0.591
other party Frac: 0.299
book of fables\ | bher strong democrat
word of god strong republican

Frac: 0.128

too high
too low

didn't vote for president
about right

other candidate (specify)
trump

illegal under 18

clinton

illegal to all

favor favor
- Prob: 0.718 Prob: 0.764
cannot choose 1 f cannot name any - dldgatmvuate Frac: 0.155 Frac: 0.091
choosesofz names1 other candidate (specify) didn't vote for president
2nd person
st person| 23 Berson yos
no

Prob: 0.935

Sth person

don't know

other candidate (specify)

| b
clinton lap d
trump no answer
natdrug
Strong
Frac: 0.519 JProbs 0,57

favor
Prob: 0.879
Frac: 0.092

favor
Prob: 0.891
Frac: 0.047

no yes
Prob: 0.577 Prob: 0.947

Frac: 0.078 Frac: 0.403

hardly any
only some

favor oppose
Prob: 0.565 Prob: 0.611

Frac: 0.106 Frac: 0.081

™o

: too little refused
about right too much yes

Ind.near rep favor favor oppose
not str democrat | Prob: 0.506 Prob: 0.833 Prob: 0.611
e e \ " arunan | Frac: 0.062 Frac: 0.072 Frac: 0.041
strong democrat
strong republican

SELGTEIE

1 or more, # unknown
1 partner
11-20 partners
2 partners
21-100 partners
3 partners
4 partners
5-10 partners
favor

oppose favor favor
Prob: 0.717 Prob: 0.562 Prob: 0.909 Prob: 0.831
Frac: 0.096 Frac: 0.096 Frac: 0.083

Frac: 0.369

refused
yes no partners
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Inferred Dependency Structures (shown for three years)

YEAR 2008 YEAR 2012 YEAR 2016

.
{:.‘U

e OCCE0 & 7,

dlectron RESTG10

yolviews | He.
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2000

Geometry of
Opinion Space with
Belief Spectrum

Larger dots

represent thought
leaders
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Worsening Societal Fracture:
Association with Rise of Social Media
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DARPA

Ongoing & Future Work

Ongoing Validation

1. Validate forecasting of societal shifts in opinion
distributionsfor key contentious GSS variables

2. Use true longitudinal datasets to validate opinion
shifts in individualsover time

3. Design optimal intervention strategies

Future Work

1. Validateinterventions

2. Experiment with local cohorts

3. Investigate cross-talk effects between inferred geometry of opinion
space and external socio-economicvariables

4. Applyto data beyond US and Western nations
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