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ABSTRACT
The opinions of members of a population are influenced by opinions

of their peers, their own internal predispositions, and information

from external sources such as the media. Agents might perceive

the received information differently due to various cognitive biases.

In this paper, we propose a model of opinion evolution that uses

prospect theory to represent the perception of information provided

by an external source. Using the proposed model, we study the

problem of selecting dissemination strategies for the external source

to adopt in order to drive the opinions of individuals toward a

desired value. As the initial predispositions of agents and functions

characterizing agents’ perceptions of information disseminated

might be unknown to the source, we estimate the unknown terms in

the dynamics and find the optimal strategy by leveraging Gaussian

process learning. Our simulations on three different widely-used

large graph networks demonstrate that the external source can

effectively drive a larger fraction of opinions towards a desired

value by using a prospect-theory-based dissemination strategies.
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1 INTRODUCTION
Understanding the evolution of opinions of members in a popula-

tion in shaping individual behavior has led to significant research

in multiple domains, including biology and social networks [9]. The

dynamics of opinion evolution is typically modeled as a weighted
average update [1, 3, 4, 7], where a weight quantifies the importance
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tems (AAMAS 2023), A. Ricci, W. Yeoh, N. Agmon, B. An (eds.), May 29 – June 2, 2023,
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an agent assigns to an opinion of another agent. Initial predisposi-

tions [5, 6] and influence of external sources [10, 11] can be incorpo-

rated as additive terms in the model. However, agents might have

cognitive biases including (i) having different perspectives on losses

and gains, (ii) unconsciously assigning inflated values to low prob-

ability events and deflated values to high probability events, and

(iii) evaluating outcomes relative to individually adopted reference

points [14]. Prospect theory, introduced in [8], has been shown to

effectively model cognitively biased behaviors (i) - (iii) in empirical

evaluations on single individuals. However, the role of prospect the-

ory in understanding opinion evolution among multiple interacting

agents with cognitive biases has not been studied.

We propose a model of opinion evolution that uses prospect

theory to represent perception of information provided by an exter-

nal source when agents have cognitive biases. The external source

could be an advertiser who wishes to market a product to a popu-

lation, and is interested in nudging individuals towards showing

interest in the product. In our model, the external source broadcasts

information as a probability distribution over a random variable

that represents possible outcomes of a phenomenon. Our model

provides a computational framework to reason about opinion for-

mation when agents exhibit the behaviors in (i)-(iii), and enables

design of information dissemination strategies for the external

source to steer agents’ opinions towards a desired value.

2 MODEL
Agents are represented as a set of nodes V of a weighted directed

graph G = (V, E), where |V| = 𝑁 . The weight 𝑤𝑖 𝑗 of an edge

quantifies the importance of agent 𝑗 ’s opinion on agent 𝑖’s opinion.

We will assume that 𝑤𝑖 𝑗 ≥ 0,
∑

𝑗 𝑤𝑖 𝑗 = 1 for all 𝑖, 𝑗 , and that G is

strongly connected. The external source chooses a dissemination

strategy from the setQ = {𝑞1 (𝜃 ), · · · , 𝑞𝑟 (𝜃 )} and broadcasts it to all
agents. Each strategy𝑞 ≡ 𝑞(𝜃 ) ∈ Q is a probability distribution over

a discrete random variable𝜃 .We use insights from prospect theory [8,
14] to characterize each agent’s perception of information from the

external source. The perception of agent 𝑖 for the distribution𝑞(𝜃 ) ∈
Q broadcast by the source is characterized by a prospect, 𝑢𝑞

𝑖
:=∑

𝜃 𝑝𝑖 (𝑞(𝜃 ))𝑣𝑖 (𝜃 ). Here, 𝑣𝑖 : R→ R and 𝑝𝑖 : [0, 1] → [0, 1] (known
as value function and probability weighting function, respectively)
are nonlinear functions taken from empirical models of human

cognitive biases (i)-(iii) developed in the social sciences [8, 14].
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Initial Opinion WS: % of Final Opinions > 0.5 BA: % of Final Opinions > 0.5 FB: % of Final Opinions > 0.5

PT (Eqn. (1)) Exp. (Eqn. (2)) PT (Eqn. (1)) Exp. (Eqn. (2)) PT (Eqn. (1)) Exp. (Eqn. (2))

𝑈𝑛𝑖 𝑓 (−1, 0) 18.5% 0 12.1% 0 7.91% 0

𝑈𝑛𝑖 𝑓 (0, 1) 21.6% 0.51% 22.1% 0.65% 15.26% 0

𝑈𝑛𝑖 𝑓 (−1, 0.5) 14.5% 0 14.7% 0.1% 9.49% 0

𝑈𝑛𝑖 𝑓 (−1,−0.5) OR
𝑈𝑛𝑖 𝑓 (0.5, 1) 17.7% 6.5% 17.9% 5.6% 12.13% 0

Table 1: This Table compares the final opinions of agents when the external source aims to drive opinions towards 𝑥∗ = 1 in the
Watts-Strogatz (WS), Barabasi-Albert (BA), and Facebook social network (FB) graphs. We compare opinion evolution under our
proposed prospect-theoretic model (PT) with the expectation-based update model (Exp). For different distributions of initial
opinions, we examine the fraction of agents whose final opinions are in strong agreement (𝑥 > 0.5) with 𝑥∗. We observe that our
PT model consistently results in a significantly larger fraction of agents whose final opinions are in strong agreement with 𝑥∗.

Network PT (Eqn. (1)) Exp. (Eqn. (2))

Watts-Strogatz 1.488 2.223

Barabási-Albert 1.709 2.457

Facebook 2.343 2.625

Table 2: This Table compares the average distance, 𝐿(𝑞, 𝑥∗), of
the final opinions of agents from the desired opinion 𝑥∗. We
observe that for all three networks, 𝐿(𝑞, 𝑥∗) is lower when the
external source computes an optimal dissemination strategy
that considers prospect-theoretic agents (Column 2) com-
pared to a strategy that does not consider such behavior (ex-
pectation based-update, Column 3).

For each agent 𝑖 , let 𝑥𝑖 (𝑘) ∈ R, 𝑥𝑏
𝑖
∈ R and 𝑇𝑖 > 0 denote the

opinion at time-step𝑘 , initial predisposition, and level of trust on the

external source, respectively. Assume the parameters (𝜆𝑖1, 𝜆𝑖2, 𝜆𝑖3)
represent the relative importance that agent 𝑖 ascribes to opinions

of its peers, its own initial predisposition, and the information from

the source, respectively. Let 𝑥 (𝑘) := [𝑥1 (𝑘) · · · 𝑥𝑁 (𝑘)]𝑇 , 𝑥𝑏 := [𝑥𝑏
1

· · · 𝑥𝑏
𝑁
]𝑇 ,𝑢𝑞 := [𝑢𝑞

1
· · ·𝑢𝑞

𝑁
]𝑇 ,𝑊 be an𝑁×𝑁 matrixwith entries𝑤𝑖 𝑗 .

We define Λ1, Λ2, Λ3 and 𝑇 as diagonal matrices with entries 𝜆𝑖1,

𝜆𝑖2, 𝜆𝑖3 and𝑇𝑖 , respectively, where Λ1+Λ2+Λ3 = 𝐼 and Λ2+Λ3 ≠ 0.

Then, the opinion dynamics for strategy 𝑞 is given by:

𝑥 (𝑘 + 1) = Λ1𝑊𝑥 (𝑘) + Λ2𝑥
𝑏 + Λ3𝑇𝑢

𝑞 . (1)

3 ANALYSIS
The following result gives conditions under which the opinion

dynamics in Eqn. (1) converges to a unique steady-state value.

Theorem 3.1. Assume G is strongly connected, and let Λ1𝑊 ≠ 𝐼 .
Suppose the strategy𝑞 ∈ Q selected by the external source is fixed from
a certain time-step. Then, the dynamics in Eqn. (1) will converge to a
unique value 𝑥𝑞𝑠𝑠 := lim𝑘→∞ 𝑥 (𝑘). Moreover, 𝑥𝑞𝑠𝑠 will be independent
of initial values of opinions of agents, 𝑥 (0), and any strategies the
source uses prior to using the strategy 𝑞.

The external source aims to select an optimal dissemination

strategy 𝑞∗ to drive agents’ opinions 𝑥
𝑞
𝑠𝑠 towards a desired value

𝑥∗. However, initial predispositions of agents and functions char-

acterizing the perceptions of information broadcast by the source

may not be known. Specifically, the term ℎ𝑞 := Λ2𝑥
𝑏 + Λ3𝑇𝑢

𝑞
in

Eqn. (1) is unknown to the external source.

The external source is assumed to have access to a set D of

noisy observations of Eqn. (1) corresponding to each strategy. The

term ℎ𝑞 is a random vector with mean 𝜇𝑞 = [𝜇𝑞
1,𝐷

, · · · , 𝜇𝑞
𝑁,𝐷

]𝑇 and

covariance Σ𝑞 = 𝑑𝑖𝑎𝑔 [(𝜎𝑞
1,𝐷

)2 , · · · , (𝜎𝑞
𝑁,𝐷

)2]. Then the external

source can use Gaussian process learning [13] to estimate (𝜇𝑞, Σ𝑞).
These can be used to find the optimal dissemination strategy 𝑞∗

that minimizes 𝐿(𝑞, 𝑥∗) := 1

𝑁
E[(𝑥𝑞𝑠𝑠 − 𝑥∗)𝑇 (𝑥𝑞𝑠𝑠 − 𝑥∗)].

Proposition 3.2. The optimal policy is

𝑞∗ = arg min

𝑞∈Q

(
𝑇𝑟 [Σ(𝑥𝑞𝑠𝑠 )] + (𝜇 (𝑥𝑞𝑠𝑠 ) − 𝑥∗)𝑇 (𝜇 (𝑥𝑞𝑠𝑠 ) − 𝑥∗)

)
,

where 𝜇 (𝑥𝑞𝑠𝑠 ) := (𝐼 − Λ1𝑊 )−1𝜇𝑞 and Σ(𝑥𝑞𝑠𝑠 ) := (𝐼 − Λ1𝑊 )−1Σ𝑞 (𝐼 −
𝑊𝑇Λ1)−1 and 𝑇𝑟 [·] denotes the trace of a matrix.

4 EXPERIMENTS
We consider three graph networks: (i)Watts-Strogatz small world
graph [15] (with 𝑁 = 1000 nodes), (ii) Barabási-Albert scale-free
graph [2] (with 𝑁 = 1000 nodes), and (iii) Facebook friendship
social network graph [12] (a subset of the Facebook friendship

graph with 𝑁 = 2235 nodes and 91000 edges). We assume the

external source has 20 distinct dissemination strategies and wants

to drive the opinions of agents toward a desired value 𝑥∗ = 1. We

compare our prospect-theoretic model of opinion evolution in Eqn.

(1) with the following expectation-based update model:

𝑥𝐸 (𝑘 + 1) = Λ1𝑊𝑥𝐸 (𝑘) + Λ2𝑥
𝐸 (0) + Λ3𝑇

(∑︁
𝜃

𝑞(𝜃 )𝜃
)
1𝑁 , (2)

where 𝑥𝐸 are agent opinions and 1𝑁 ∈ R𝑁 is a vector with all en-

tries equal to 1. The expectation update model is a generalization of

the model proposed in [10]. Given the initial opinion values of the

agents, we compare their final values when opinions evolve follow-

ing our model with prospect-theoretic information dissemination

in Eqn. (1) and the expectation-based model in Eqn. (2) in Table

1. Table 2 compares the values of the average distance, 𝐿(𝑞, 𝑥∗),
of agents’ final opinions from the desired opinion when the ex-

ternal source takes into account prospect-theoretic perceptions of

agents and when it does not during computation of an optimal dis-

semination strategy, with initial opinions of agents sampled from

𝑈𝑛𝑖 𝑓 (−1, 0). We observe that the external source is more effective

in driving opinions of individuals towards a desired value when

using our prospect-theoretic model.
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