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1.0 Introduction
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2.0 Why We Need A Computational Model of Political Learning

2.1 Introduction

Understanding how individuals acquire and process political information is crucial for

comprehending the dynamics of political belief formation, its reinforcement, and belief po-

larization in democracies. Scholars have delved into the intricacies of the political learning

process, aiming to uncover the mechanisms underlying how citizens form and update their

political beliefs. This study contributes to this body of literature by proposing a series of

agent-based models that address existing loopholes and offer theoretical insights into the

comprehensive political learning process.

The existing literature on political learning predominantly focuses on two main themes:

individual-level mechanisms and the effects of social networks. At the individual level, stud-

ies have explored how citizens process political information, demonstrating that people’s

beliefs are shaped by a combination of their prior convictions and new information obtained

through social interactions. The echo-chamber effect, where individuals reinforce their atti-

tudes by gravitating towards like-minded sources, is a prominent example illustrating this

process. Additionally, the role of cognitive biases in information evaluation further influences

individuals’ information acquisition strategies and belief updating processes.

However, existing approaches to modeling political learning often face methodological

and theoretical challenges, including the difficulty of capturing the cyclic nature of belief

reinforcement and the intricate dynamics of social networks. To address these challenges,

this project employs agent-based modeling as a powerful tool for theorizing the political

learning process. Agent-based modeling allows for the simulation of complex individual

behaviors and interactions within a system, making it well-suited for capturing the nuanced

dynamics of political learning in real-world contexts.

Through a thorough literature review, this chapter outlines why a computational model-

ing approach is employed to theorize political belief formation and its reinforcement mecha-

nism. I begin with a detailed explanation of existing approaches in the political information
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processing literature and identify the gaps that have been understudied. Subsequently, I

illustrate why agent-based modeling is useful for filling in these gaps, emphasizing its abil-

ity to capture the complex, dynamic nature of political learning processes. Additionally, I

highlight that this approach is not entirely new in the literature by outlining related com-

putational models. Finally, I provide a brief introduction to the models proposed in this

dissertation project in the following chapters.

2.2 Existing Approaches to Political Learning & Loopholes

The existing literature on the political learning process can be broadly categorized into

two main themes. The first approach focuses on understanding the mechanisms through

which individuals process political information at the micro-level. Studies within this ap-

proach have explored how people’s political beliefs are shaped by a combination of their prior

beliefs and the new information they receive through social interactions [115, 98, 100, 152, 47].

An exemplar of this process is the echo-chamber effect, wherein individuals reinforce their at-

titudes when consistently exposed to messages that align with their preexisting beliefs. Con-

versely, exposure to counter-attitudinal information can both weaken [47, 100] or strengthen

[24, 52] their predispositions, depending on the strength of the listener’s directional motives.

Another strand of research within the individual-level political learning literature inves-

tigates the reverse causal direction: how individuals’ prior beliefs influence their patterns

of political information acquisition. Studies employing this approach also confirm that in-

dividuals tend to rely more on information sources that confirms their existing attitudes

[93, 64]. Moreover, some research suggests that certain individuals actively seek out counter-

attitudinal sources to engage in argument refutation [159, 99, 163].

Importantly, synthesizing findings from both strands of research suggests that the polit-

ical learning process operates cyclically, reinforcing preexisting beliefs over time. Figure 1

illustrates this comprehensive political learning mechanism, incorporating insights from prior

literature. Studies emphasizing the role of cognitive biases have revealed that individuals

often exhibit biased assessments when evaluating the credibility of information sources, in-
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Figure 1: The cyclic nature of the micro-level political learning.

fluencing their subsequent information acquisition decisions. As individuals update and form

new opinions, these updated beliefs serve as the prior for future learning steps, contributing

to the continuation of the cycle of political belief reinforcement.

The cyclic nature of this mechanism presents both empirical and theoretical challenges in

constructing comprehensive understandings of citizens’ political learning processes. The re-

inforcement learning described above introduces endogeneity, making it difficult to establish

one-directional causal path and develop effective empirical analysis strategies. Consequently,

grappling with this inherent complexity in the political learning process has prompted schol-

ars to approach research by deconstructing the mechanism and concentrating on individual

steps within the cycle.

The second theme explored in existing literature on the political learning process revolves

around the effects of social networks. In the process of deliberating with fellow citizens, in-

dividuals not only absorb information from better-informed sources but also function as

conduits, disseminating this information to others. For example, friendship networks of-

ten establish social norms among their members, fostering consensus of opinion within the

network [107, 146, 72, 38]. Similarly, active social interactions are expected to facilitate

exposure to a variety of viewpoints from different groups.

Another intriguing aspect of social networks, as briefly discussed previously, is their self-
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selective nature. As described in Figure 1, citizens can select information sources based on

their assessments of credibility. In other words, individuals can choose whom they commu-

nicate with among their neighbors. Consequently, cognitive biases can influence citizens’

preferences for information channels, consequently impacting the fragmentation of commu-

nication channels.

2.3 Agent-Based Models as Alternatives

In this study, I employ a computational modeling approach to conceptualize the political

learning process within a social context. As discussed in the preceding section, the political

learning process exhibits a cyclic nature, reinforcing an agent’s preexisting attitudes. Agent-

Based Modeling (ABM) is a valuable tool for investigating such complex individual behaviors.

ABM, a specific approach within computational modeling, focuses on representing individual

entities, or agents, and modeling their interactions within a system.

In ABMs, agents’ behavior is defined by sets of rules, which can range from simple

to highly intricate [59]. The recursive nature of the cyclic mechanism depicted in Figure 1

implies that past behaviors determine future actions [109, 143]. Moreover, its self-reinforcing

aspect introduces self-adaptivity, enabling citizens to swiftly adjust strategies in response

to changes in their counterparts’ behavior to enhance their learning about the world [128].

ABMs excel in exploring such complex behavioral rules by accommodating multiple processes

simultaneously [41]. While existing literature has examined the political learning process by

dissecting the cycle into discrete components due to methodological concerns outlined in the

preceding section, ABMs offer avenues to indirectly delve into the comprehensive mechanisms

of political reinforcement learning more realistically through simulation outcomes [137, 134].

Another useful aspect of ABMs is their ability to incorporate agent heterogeneity [41,

109, 134]. This heterogeneity not only includes diverse belief distributions among agents but

also variations in behavioral rules based on defined characteristics. Previous studies suggest

that individuals can have different incentives in the learning process, and their behavior may

be contingent on various factors. The inclusion of heterogeneity can thus enrich the model,
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leading to unexpected emergent patterns stemming from dynamics of micro-level behavior

[136, 144].

Furthermore, researchers employing ABMs can exploit their methodological strength

by introducing dynamics between agents. In repeated political learning processes, citizens

mutually influence each other. This interdependence and adaptability in the political learning

process make ABMs particularly useful for theoretically modeling mechanisms and exploring

outcomes. ABMs also allow agents to interact with collective entities such as organizations [4,

66] or macro-level systems they reside in [7, 4]. Thus, ABMs provide an effective exploration

of environments that accompany the dynamics of components that construct the system.

Researchers can also incorporate spatial attributes into ABMs, where agents exhibit so-

cial dynamics. These spaces can be geographic or social environments. For instance, [42]

replicated the spatio-temporal demographic history in Long House Valley in northern Ari-

zona. Additionally, modelers can include networks that determine social interaction channels

[104, 134]. As previously discussed, the existing literature on political learning emphasizes

the social network effect. With an ABM, one can establish an initial network structure to

trace the exchange of information and observe changes in communication channel selection

over time as agents build beliefs about the world and assess the credibility of communication

partners.

Lastly, ABMs offer the capability to track agents’ behavioral changes over longer time

spans. The primary challenge in empirically studying reinforcement political learning lies

in the difficulty of repeatedly observing each individual’s behavior. Moreover, in real-world

contexts, citizens consolidate their beliefs through social interactions and select information

sources based on their learning outcomes. ABMs enable us to trace the temporal process

of belief formation and the evolution of social interaction patterns over time. Furthermore,

the tractability of ABMs facilitates the examination of how information disseminates within

social networks and how competing pieces of information interact.
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2.4 Related Models: Opinion Dynamics and Social Learning

2.4.1 Opinion Dynamics and Social Learning

Numerous attempts have been made to theorize and explore opinion formation dynam-

ics using ABMs. One of the most well-known classical ABMs of opinion dynamics is the

Degrootian approach [44]. In this model, agents update their beliefs by interacting with

others in an attempt to reach a consensus. Belief updating is achieved through a weighted

averaging function that combines an agent’s prior belief with messages from other agents.

These weights are exogenously given and invariant. The advantage of this model lies in its

straightforward comprehension using matrix theory and Markov chains [118]. Some studies

have modified the model by treating opinions as discrete variables [157, 151, 12].

The strength of the Degrootian approach stems from its ability to provide a useful frame-

work for explaining how social consensus is built. These models, in particular, have proven

effective in illustrating how agents adopt other opinions over a shorter time span. How-

ever, given the prevalence of social disagreements and belief segregation, other works have

attempted to model the social learning process with more constraints to achieve social agree-

ment. One such constraint is bounded confidence, which posits that an agent only accepts

another agent’s message if it falls within its acceptability boundary [43, 82, 169]. This ap-

proach facilitates theoretical exploration into how fractionalized post-communication opinion

distributions are shaped given the acceptability of opinions.

[117] adopts Bayesian inference for belief updating in social learning. Under this frame-

work, each individual agent holds an opinion represented by a normal distribution, where

the mean indicates the agent’s estimation about the state they are trying to guess, and the

standard deviation denotes the uncertainty the agent holds. The model implies that uncer-

tainty can serve as a threshold that determines the number of opinion clusters in the end: the

lower the uncertainty each agent possesses, the more fractionalized the post-communication

opinion distribution becomes. While Martins’ model assumes that uncertainty is not shared

and each agent expects others to hold the same level of uncertainty, [2] extends the model

further by relaxing the “unshared uncertainty assumption.” By allowing agents to infer each
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other’s uncertainty levels, their model illustrates that mistrust plays a fundamental role in

driving polarization, although its predecessor only indicates its impact on the speed at which

agents converge to the steady-state (i.e., social consensus or polarization).

2.4.2 Source Credibility in Social Communication

The aforementioned models shed light on how individuals access information originating

from various sources. In the Degrootian framework, for example, the weight assigned to

each source signifies the degree to which an information receiver values messages from the

speaker. Similarly, in bounded confidence models, the confidence bound indicates the level

of acceptability an agent maintains towards different messages. Moreover, the concepts

of uncertainty and (mis)trust [117, 2] elucidate how each agent discerns one source from

another in the information processing procedure. Likewise, [46] model opinion formation

through social communication, categorizing statements into discrete classifications based on

the listener’s perceived agreeability towards each statement.

Understanding the credibility assessment mechanism is crucial for comprehending how

people select information sources and its consequences on social dimensions, such as belief

distribution and social connections. Previous studies on echo chambers have emphasized cog-

nitive bias as the essential driver of segregated communication channel emergence, thereby

deepening the echo chamber [45, 145, 112, 150]: as people tend to dislike hearing arguments

that contradict their pre-existing beliefs, they naturally communicate more often with like-

minded neighbors, ultimately creating segregated communication networks through repeated

interactions. Conversely, [67] argue that cognitive bias is not the sole factor creating echo

chambers. Instead, the study suggests that echo chambers could arise from lateral trans-

mission of information combined with limited access to information, and the presence of

communication partners with strong knowledge can amplify echo-chamber effects. Never-

theless, their work still emphasizes that cognitive bias can consolidate echo-chambers.
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2.4.3 Diverse Agent Types and Social Dynamics

Under social dynamic environments of opinion formation, one important factor determin-

ing the flows of information is the definition of agents’ behavior. Specifically, understanding

how interactions among diverse types of agents impact micro and macro-level opinion for-

mation is of particular interest. Several endeavors have been made to incorporate special

types of agents into existing models, including experts, extremists, and strategic politicians.

For example, [3] introduce informed agents into social networks and discovered that better-

informed agents could steer social beliefs in desirable directions even through microscopic

interactions with neighboring agents. Conversely, as previously mentioned, [67] illustrate

that experts could act as gatekeepers, creating segregated opinion channels and fostering

local filter bubbles. Additionally, [142] introduce media as a special category of elite infor-

mation providers, playing pivotal roles in shaping the opinion formation of other ordinary

agents.

Another strand of research explores the impact of extremists on social opinion formation.

Overall, these studies indicate that agents with strong opinions often hinder the building of

social consensus. For instance, [2] demonstrate that the inclusion of extreme agents tends to

fragment agents’ belief distribution, even in environments where agents have high levels of

social trust, which indicates the openness to diverse opinions, including counterarguments to

their prior beliefs. Similarly, [142] show that biased media can foster polarization even when

agents engage in town meetings with all other agents. They found that moderate-sized town

meetings with polarized media initially lead to polarized divergence, followed by eventual

convergence towards an extreme media-defined pole of opinion. Likewise, [140] highlight that

stronger arguments mainly contribute to polarization1, while strong informational biases are

necessary for bipolarization in the absence of homophily.

Finally, [113] introduce a politician aiming to win elections by persuading electorates

with micro-targeted messages. The model simulates micro-targeted political campaigns by

incorporating voters, politicians, and persuasive connections between them. Voters hold be-

liefs and care rankings about political issues and perceive politicians’ credibility, enabling

1They define polarization as “a uniform change of the opinion of the whole group towards the same
direction.”
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them to revise their beliefs when contacted. Politicians, in turn, aim to persuade voters

about their positions on various issues by contacting them during the campaign and trans-

mitting persuasive attempts, prompting voters to update their beliefs accordingly. In their

following work, [139] extend their model of micro-targeted campaign strategies by intro-

ducing additional heterogeneity and sophistication to voter representation, allowing voters

to consider multiple political issues and rank their importance. This extension enables the

simulation of various voter types, ranging from single-issue voters to highly engaged ones.

The simulation results demonstrate the effectiveness and efficiency of micro-targeted cam-

paigns in navigating complex voter landscapes, with micro-targeted campaigns consistently

outperforming stochastic counterparts, particularly in heterogeneous electoral environments.

2.5 Brief Introduction to This Study’s Models

In this dissertation project, a series of agent-based models is proposed to address the

aforementioned loopholes in existing approaches and to theoretically model the political

learning process comprehensively. First, the Baseline Model outlined in the next chapter

explores the individual-level mechanisms of political learning illustrated in Figure 1. Unlike

previous studies that have dissected the reinforcement political learning mechanism step-by-

step, the baseline model combines the process into one cyclic algorithm. The Citizen agents

in the model aim to learn the state of the world by drawing messages from elite Information

Provider agents. When they sample messages, they 1) assess the credibility of each source,

and 2) determine their sampling strategy probabilistically reflecting the source credibility as-

sessment results. The behavioral rules of agents are defined employing preexisting methods

from the literature, particularly biasedly evaluating source credibility, as suggested by cog-

nitive bias literature. Ultimately, the baseline model chapter examines how citizens’ biased

assimilation of political information affects macro-level outcomes including 1) social political

belief distributions, 2) choice of information outlets, and 3) how quickly agents’ beliefs reach

the steady-state.

The Social Network Model extends the Baseline Model by introducing social dynamics
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between Citizen agents. While the baseline model restricts social interaction to dyadic

conversations between a citizen and each information provider, the Social Network Model

aims to explore how diverse social network structures affect macro-level belief distribution.

This chapter investigates social dynamics under three types of social network structures.

First, it compares the baseline simulation results with a model where each citizen is randomly

matched with two other agents regardless of their types. Then, simulations are run under a

homophilous environment, where each agent has a group identity conditional on its initial

belief and is more likely to be connected with in-group members. The final variation allows

citizens to communicate with both citizens and information providers, combining the network

structures of the baseline model and the random 2-neighbor matching. The goal of this

chapter is to compare how social belief distribution changes as the degree of homophily and

accuracy setups of elite information providers vary.

The final model introduces strategic agents into both the baseline and social network

models. In this chapter, a strategic information provider replaces an information provider and

competes with an unbiased optimal information provider. The strategic agent aims to disrupt

citizens’ social learning about the true state of the world by sending jamming messages with

respect to the optimal messages provided by its unbiased rival. The outcomes of interest in

this chapter are the social belief distribution and the speed of belief stabilization. Simulations

are run under both the baseline model and social network environments. This chapter aims

to theorize how adversarial disinformation providers behave and the social consequences of

adversarial messages. To model this behavior, the micro-targeted messaging approach is

adopted: the disruptive message provider can partially observe the belief distribution of

citizens with clustered points of view and tailors messages to members of each cluster to

distract targeted citizens from discerning the true state of the world.
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3.0 Baseline Model: Credibility Learning, Information Source Choice, and

Political Belief Formation

3.1 Introduction

Social scientists have extensively researched how individuals form their attitudes towards

real-world political issues, with the political learning process being particularly complex.

When making political decisions, individuals take into account various factors, including their

pre-existing beliefs, the opinions of others, the credibility of information sources, and which

sources to trust. These factors are closely intertwined, as research has demonstrated that

an individual’s perception of an information sender’s credibility is linked to their updated

beliefs about the world. Specifically, the more a receiver trusts the source, the more their

updated beliefs align with the information sender’s message.

Political predisposition is a crucial aspect of political learning, and prior research has

shown that a person’s pre-existing beliefs can influence their selection of information sources.

According to [159], individuals who possess a deeper understanding of an issue are more

inclined to search for arguments that contradict their pre-existing beliefs, while less informed

individuals are more likely to seek out information that aligns with their existing attitudes.

Moreover, [152] found that individuals with stronger political predispositions are more likely

to choose political media outlets that share their viewpoints.

Recent work by [108] suggests that people learn about the status of the world and the

credibility of the information source simultaneously after receiving a message from the sender.

Furthermore, his model illustrates that the receiver’s directional motives can distort their

beliefs about the message’s credibility. Although Little’s model focuses on the individual

level, this study expands the scope to include social contexts. The model proposed here

demonstrates how 1) political predisposition affects the learning of information source cred-

ibility, and 2) how this mechanism reinforces beliefs about the world over time. In other

words, this study addresses the question of how learning about source credibility and beliefs

about the world affect the evolution of media consumption in a competitive political news

12



media market. Additionally, this model delineates how the evolution of media consumption

affects public knowledge about the state of the world.

My model integrates existing models of political learning with reinforcement learning

from the machine learning literature. Reinforcement learning describes how agents can

learn to make optimal decisions through repeated experiences. One well-known example of

reinforcement learning is the Multi-armed Bandit problem (MAB problem). In this problem,

an agent must choose between alternatives to maximize their gains. For instance, imagine a

gambler standing in front of two slot machines. The gambler must decide which machine to

play first, how many times to play each machine, and whether to continue playing the same

machine or switch to the alternative. In reinforcement learning, each agent’s current action

not only determines their current payoff but also affects future states, such as the choice of

machine and the rewards that follow those choices over time.

Reinforcement learning can be applied to the scenario where people gather political

information and update their political beliefs. For instance, suppose a citizen wants to

learn which candidate will perform better in dealing with economic issues in an election.

The person needs to 1) decide from where to acquire relevant information, 2) evaluate how

trustworthy the information collected from each source is, and 3) choose whether to use the

new information to update their beliefs about the candidates. Thus, the political learning

process is working as a cyclic mechanism, rather than a clear one-direction path. Since this

mechanism is well-captured in the reinforcement learning procedure, it is worth combining

the pre-existing knowledge of political information processing with reinforcement learning

models.

The shared characteristics between the political learning process and the reinforcement

learning mechanism raise both theoretical and methodological concerns. Theoretically, the

cyclic nature of political learning makes it challenging to clearly identify the causal direc-

tion. Additionally, the cyclic causal path introduces endogeneity issues in real-world ob-

servations. Thus, this study adopts a computational modeling approach using agent-based

simulation—an effective tool for modeling cyclic mechanisms and generating plausible ob-

servations in such environments.

My model proposes that individuals’ perceptions of message bias and message precision
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are critical factors in evaluating the credibility of an information source. Therefore, the

agent must learn both bias and precision by sampling messages from the outlet. To begin,

I endogenize the sampling mechanism with credibility assessment strategies: people first

assess the credibility of information sources and then decide how many messages they want

to listen to from that source. In other words, the number of samples drawn from a source

depends on how much the agent believes the outlet is superior to other alternatives. I then

compare how different credibility assessment methods affect information sampling patterns

and people’s beliefs about the world.

My theoretical model provides two valuable perspectives. First, it extends our under-

standing of biased information processing from the individual level to the social context.

While previous studies have explored how an individual’s preexisting beliefs and slanted

media outlets can affect their political decisions, my model takes it one step further by ex-

amining how media consumption networks evolve over time based on an agent’s credibility

evaluations at each point in time. This provides a broader view of information consumption

patterns and the resulting belief distributions among all agents. Moreover, my model can

also be applied to the consumption of fake news, providing insights into when and how fake

news providers may be more likely to survive within media diets and the impact this has on

the overall distribution of beliefs among agents. The abstract nature of the model allows for

analysis of a wide range of scenarios and circumstances, providing valuable insights into the

dynamics of information consumption in competitive political news media markets.

3.2 Related Literature

The preexisting literature on political learning has explored two mechanisms: 1) how

people assimilate new information, and 2) how preexisting attitudes affect the choice of in-

formation sources. In this section, I summarize the findings of preexisting studies illustrating

these two mechanisms. Additionally, as my model attempts to endogenize the choice of in-

formation source based on previous experience, I review existing models of reinforcement

learning that delineate the optimal arm choice mechanism.
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3.2.1 Information Acquisition and its Effect on Political Attitude

People learn about the status of the world based on the information they acquire from

various sources. They combine the new information with their prior knowledge about the

true state of the world, so the messages they receive from sources can either confirm their

preexisting beliefs or provide counterarguments. People’s reaction to confirming messages is

straightforward - they strengthen their prior beliefs. Previous studies found that people who

selectively exposed themselves to politically congruent media sources uniformly strengthen

their predispositions [115, 98, 100, 152, 47]. However, some scholars have raised concerns

about the echo chambers created by biased exposure to like-minded messages, as it can

deepen political polarization [90, 155, 154, 68, 63, 65].

The story becomes more complicated when new information is not consistent with prior

beliefs. [103] argue that exposure to contradictory information can persuade partisans to

vote for the rival party. Similarly, other studies found that counterargument exposure led

people to deviate from their own party [47] and weaken their prior beliefs [100]. However,

some people use counterattitudinal information to refute rival arguments and strengthen

their prior beliefs eventually, leading to the “backlash effect” [79, 122, 16, 58]. They argue

that when people encounter new information inconsistent with their prior beliefs, they start

to discredit it [48, 158] and believe that they have refuted it [106]. Recent studies also

found that exposure to out-partisan media sources activated people’s directional motives,

resulting in the strengthening of their predispositions [24, 52]. However, the opposite effect

was observed when subjects engaged in person-to-person conversations with out-partisans:

the post-communication attitude became weaker than the pre-communication attitude.

Democratic citizens are exposed to new political information every day, such as news

about the economy, policy debates, or politicians’ behavior. Many political scientists agree

that citizens learn new information by combining their preexisting beliefs with new sig-

nals acquired from information sources [172, 14, 71, 159, 84]. Bayesian learning provides a

mathematical formulation of such belief updating that citizens face every day. As Bayesian

updating illustrates, after looking at new information, people evaluate the newly acquired

information and combine it with their preexisting beliefs.
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Although Bayesian updating is a useful tool to understand political learning among

citizens, it has been criticized for being an unrealistic model that does not account for

cognitive biases prevalent in political information processing literature. Studies have shown

that people often process new information in a biased manner that reflects their preexisting

beliefs [101, 159, 158, 133]. For example, [27] explains that party identification creates a

“perceptual screen” that allows only messages from one’s own party. Similarly, [172] argues

that citizens filter out information that contradicts their preexisting beliefs.

More recent works attempt to incorporate cognitive biases into the Bayesian updating

framework. For instance, [71] proposes a Bayesian interpretation of biased assimilation in

political learning, which is discussed in a later section of this paper. In the model, a citizen

evaluates the persuasiveness of a signal message based on the comparison between their

posterior beliefs and the signal. [108] also illustrates how directional motives can distort a

citizen’s evaluation of the credibility of an information source. Interestingly, these attempts

still suggest that information receivers are not “unmoved by it” [71]. As [84] found, even

though people are not perfect Bayesians, they still learn in the appropriate direction, even

with directional motives.

3.2.2 Political Predisposition Affecting Information Source Choices

Another body of literature exploring the relationship between political information ex-

posure and political attitudes seeks to answer the question of how political predisposition

affects people’s information source choices. There are two interesting patterns of informa-

tion source choices: congruent message pursuit and counterargument exposure. The first

pattern, congruent message pursuit, is based on the argument that people tend to avoid

counter-attitudinal messages and want to expose themselves to messages that are consistent

with their preexisting attitudes [93, 64]. Previous studies have shown that the strength of

party identity is positively correlated with politically motivated selective exposure: Stronger

partisans are more likely to pursue attitude-consistent information [152, 153, 89, 99, 13, 37].

The more interesting information exposure pattern is counterargument exposure. [130]

found that cross-cutting exposure was more common in media usage than interpersonal
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Figure 2: Media Consumption Type Distribution (NAES 2004 & 2008).

communication. Figure 2 illustrates the distribution of media outlet choice patterns using the

National Annenberg Election Survey (NAES) conducted in 2004 and 2008. Approximately

40.3 percent of the respondents are balanced media consumers who consume an equal number

of congruent and counterargument media outlets. The second most frequent category is,

interestingly, counterargument consumers. They consist of about 37.8 percent of the sample,

while only 21.9 percent of the respondents are categorized as consistent media consumers.

There are various reasons why people may be exposed to counter-attitudinal information.

One reason is that people may unintentionally choose counterargument sources because they

are not skilled in assessing the biases of media outlets [164, 40].

Another reason for counterargument exposure is intentional. People who have moderate

levels of party attachment (i.e., weak partisans) are more likely to be open to counterar-

guments. Moreover, people with stronger motivations, such as strong party attachment or

higher levels of anxiety, may seek out counter-attitudinal information to defend their own

argument from rival arguments [159, 99, 163].
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3.2.3 Reinforcement Learning And Optimal Arm Choice

As previously explained, reinforcement learning illustrates how agents might learn to

make optimal decisions from repeated experiences [156]. The optimal action refers to the

policy that can maximize the utility. Since the action taken in the previous time step affects

my action and rewards, the model satisfies some Markov Chain properties [32].

The multi-armed bandit (MAB) problem is a special case of reinforcement learning that

posits the situation of how limited resources will be allocated among alternatives. In the

decision making of allocation, people face trade-offs between the expected gains of relying

on the channel of which performance is already known and trying a new alternative so they

can learn the alternative’s rewarding parameter. The former refers to exploitation, while the

latter is called exploration.

One simple example is illustrated in [17]. In this example, suppose that a person makes

a choice between 2 coins. Let’s call each coin’s Bernoulli parameter θ1 and θ2, respectively.

In addition, it is known that coin 1 is fair (i.e., θ1 =
1
2
), and coin 2 is either 1 or 0 (i.e., it is

either two-headed or two-tailed), with probability π and 1−π. The player aims to maximize

the expected number of heads in n flips. Here, the gambler has to make a choice between

1) a myopic strategy that flips coin 1 because it is already known (i.e., exploitation), or

2) taking the risk of exploring coin 2 to learn the probability parameter (i.e., exploration).

Since its first appearance in the literature [161], many attempts have been made to explore

this problem using various types of reward distributions [22, 166, 62, 6, 1, 74, 75, 73, 165, 8].

While the canonical form of MAB problems assumes that the reward function parameter

for at least one machine is known while the others require exploration, another type of

conflict a person may face in MAB problems is when there is no prior knowledge on reward

distributions. Under this scenario, all actions taken by the player are purely exploratory.

In addition, the player’s rewards are data that are used to learn each machine’s reward

function. [33] provides a clear example of pure exploration under a clinical trial. In this

example, there are two drugs to treat a disease, but the probability of curing the disease is

unknown: call it θ1 and θ2 for drug 1 and drug 2, respectively. The experimenter faces the

problem of finding the more efficient drug with the minimum number of trials. Thus, under
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pure exploration, the experimenter needs to rely on an inference strategy to build a rule for

trial-stopping points where sufficient accuracy is detected and no more experimentation is

needed [5, 114, 23].

Reflecting Whittle’s articulation [170] that such resource allocation conflicts are evident

in all human actions, MAB problems have been applied in various fields. MAB problems can

be used in studies exploring communication within social networks and social learning [173].

In deliberation networks, for instance, people need to make choices about which channel

they want to communicate through, or whether they want to pass on the argument they

received from the previous counterpart to another neighbor. Despite the MAB’s general

applicability in studies on communication and learning, few attempts have been made so

far. [11] use a two-armed bandit problem to model social learning where each agent can

share their experience of trials and rewards with their neighbor. They found convergence of

payoffs and choice of actions in the long run. Similar effects were also found in [76, 26, 167].

Thus, reinforcement learning can be applied to the scenario where people gather political

information and update their political beliefs. As previously mentioned, in the political learn-

ing process, people should decide 1) which source to rely on to acquire useful information,

and 2) how much to reflect newly acquired information to update their beliefs. Furthermore,

throughout the learning process, agents accumulate knowledge on the credibility of each

source. In the next section, I propose an original model of reinforcement political learning

that combines the aforementioned three bodies of literature.

3.3 Baseline Model: Credibility Learning and Bayesian Belief Update

This paper employs a generative social science approach to illustrate the reinforcement

learning procedure over time. Here, I argue that the mechanism of individuals’ political

learning is cyclic: The predisposition affects how people acquire information; and people learn

about the world in a Bayesian way. Therefore, it is crucial to accumulate the observation

of each individual’s behavior over time. Agent-based models are well-suited for this purpose

since they generate both individual-level information acquisition history and macro-level
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phenomena that result from individual agents’ interactions [59].

An agent-based model provides an appropriate platform to delineate the mechanism that

traces 1) how an agent learns the credibility of information sources reflecting its own prior

belief, 2) how the updated credibility affects its information acquisition methods, and 3) how

the information-acquiring pattern determines the entire society’s belief distribution about

the state of the world. Previous literature treated the information consumption network

structure as a given and fixed parameter, partly due to difficulties in observing network

evolution. We can only observe the network at present, and the history of evolution can only

be traced if studied over time. However, agent-based modeling can address this problem due

to the aforementioned characteristics of the method.

3.3.1 Agents

First, I begin with defining the attributes of agents residing in this model. Let n ∈ 1, N

represent the N agents in a social network g, where (i, j) ∈ g indicates that agents i and j

are connected in the network. The agents in this model are attempting to learn about the

true state of the world θ.

There are two types of agents. The first type is the Information Providers, which repre-

sent the political information sources such as politicians, media outlets, or social influencers.

They can directly observe the true state of the world with noise. The noise consists of their

own bias δi, representing the bias of Information Provider i, and different levels of preci-

sion parameter σi. The belief of Information Provider i about θ is normally distributed

θi ∼ N(θ+δi, σ
2
i ). They send out messages to Citizen agents so they can learn the true state

of the world. In other words, the messages that Information Provider i sends to Citizen j,

xij, are also drawn from a normal distribution xij ∼ N(θ + δi, σ
2
i ). However, Information

Providers do not receive messages from other agents.

The second type of agent is Citizens, who update their beliefs βj by receiving messages

from Information Providers. They cannot see where the true state of the world is, and can

only communicate with Information Providers. The behavioral rules for Citizens are defined

as follows.
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3.3.2 Belief Updating of Citizens

As previously explained, Citizen agents aim to learn the belief about the true state of

the world (θ) by sampling messages from Information Providers. Also, during the learning

process, Citizens have to update their beliefs about the credibility of information sources.

Thus, at each step, Citizens have to choose which beliefs they want to update before be-

ginning communication —beliefs about the true state of the world or credibility of a source.

When they are learning their beliefs on the state of the world (θ), they update their beliefs

in Bayesian ways. The posterior beliefs on the state of the world conditional on the sampling

result at time t is µθ
i,t|xi,t ∼ N(µ̂θ

i,t, σ
2
θi,t

); where xj,t is the sampling result that a Citizen

agent acquired from Information Provider j at step t,

µ̂θ
i,t = µθ

i,t−1 + (xi,t − µθ
i,t−1)

(
σ2
θi,t−1

σ2
θi,t−1

+ σ2
xj,t

)
(1)

and

σ2
θi,t

=
σ2
θi,t−1

σ2
xj,t

σ2
θi,t−1

+ σ2
xj,t

(2)

where σ2
xj,t

is the precision of new messages. The credibility assessment methods are described

in the following paragraphs.

Figure 3 illustrates how Citizens behave in this model. In this study, they make a decision

randomly at each time step t. Let c ∈ 1, 0, and c = 1 is the decision for learning credibility,

and c = 0 means the agent learns about the state of the world. The probability of choosing

credibility decreases as time goes on, assuming that agents want to minimize cognitive efforts

if they have enough previous knowledge about the credibility of an information source. Thus,

I set the probability of choosing credibility learning to be the reciprocal of time t: Pr(c) = 1
t
.

Each Citizen samples messages from Information Providers using the credit, R. Each

sampling costs 1 credit, and they can sample R number of messages in total at each step

t. If they choose to update the credibility of each information source (i.e., c = 1), they

assign the resources equally to each information source. For instance, if R = 10 and there

are two Information Providers, they sample 5 messages from Information Provider A and

5 messages from the other. Based on the sampled messages, they compare the credibility

of each source and conclude the better-performing outlet. Here, I employ two ways of
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Figure 3: Citizen Agent Behavior Algorithm.
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credibility assessment from existing literature, which are based on motivated reasoning in

source credibility evaluation: z-Statistics Comparison [71] and δ Comparison [108].

3.3.2.1 Source Credibility and Learning Strategies

As aforementioned, I argue that people learn the state of the world by communicating

with available information sources. This process consists of two sub-steps: 1) how plausible

the new information is and 2) updating the belief based on the credibility evaluation. As

the information acquisition process is represented as drawing numbers in this model, at

each step of interaction, Citizens can infer the communication partner’s belief parameters

from the samples. From the sampling theory, the sample accuracy consists of precision and

bias. Thus, Citizens evaluate each Information Provider’s credibility based on the sample

accuracy.

The precision is a straightforward indicator for the credibility judgment. Concise sample

distribution is preferred because 1) the information source has concrete beliefs on the state

of the world, and 2) the samples from future interactions are also expected to be concise.

The bias, on the other hand, is the more complicated attribute in the credibility inference

process. From the motivated reasoning literature, it is known that people tend to conclude

that attitude-congruent information is more believable than counterarguments. Reflecting

preexisting literature, this model is built upon two key assumptions. First, the bias is

subjectively evaluated. As Citizens have initial beliefs about the state of the world, they

conclude that an information source is less biased when it sends out messages that are more

similar to their prior beliefs. Second, Citizens always learn from communication partners’

messages assuming that they can be better informed from the social interaction.

This study employs two credibility judgment strategies from existing studies for Citizens’

optimal outlet choices. The first strategy is called δ Comparison. Under this strategy,

Citizens focuses solely on the biases of messages samples from each information outlet:

they prefer attitude-congruent messages and conclude that the Information Provider, whose

messages are more similar to their pre-existing beliefs about the world, is more accurate

and reliable. In other words, they believe the more similar message outlet is the best outlet
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and rely more on the outlet for the future belief updating process. The second strategy,

contrarily, Citizens are concerned not only with the perceived bias of the sample messages,

but also with how precise the messages are. Thus, they utilize both sample bias and precision

for the source optimality evaluation. Details about each strategy are described as follows.

Again, Citizens ’ credibility judgment is incurred from their preferences on each Information

Providers. The information provider, who is believed more credibile, is preferred in the

future sampling process.

δ Comparison Strategy

Previous research in political communication has shown that United States citizens be-

lieve in the existence of pervasive bias in political information outlets [164, 168, 89, 129, 60].

Moreover, individuals’ political predispositions significantly affect how they evaluate news

quality [138, 108]. [108] provides insights into how people process political information while

assuming the possibility of bias in the signal.

Little’s model assumes that the signal x is composed of three elements: the true state of

the world (θ), the signal’s bias (δ), and the idiosyncratic error (ε): x = θ−δ+ϵ. Consequently,

assuming that the signal can be biased, the agent becomes interested not only in learning

the state of the world but also in detecting the bias (δ) in the signal.

Assuming that the three elements of the signal are independent and normally distributed,

we can obtain the mean of the bias, µδ, using the following equation:

µδ
j,t|xj,t =

µδ
j,t−1(σ

2
θi,t−1

+ σ2
ε)− (xj,t − µθi, t− 1)σ2δj,t−1

σ2
θi,t−1

+ σ2
δj,t−1

+ σ2
ε

(3)

Additionally, we can obtain the posterior variance of δj beliefs using the following equa-

tion:

σ̄2
δj ,t

=
σ2
δj,t−1

σ2
ε + σ2

δj,t−1
σ2
θi,t−1

σ2
θi,t−1

+ σ2
δj,t−1

+ σ2
ε

(4)

Here, δj refers to the bias of Information Provider j and xj is the message obtained

from agent j. σ̄2
δj

is the posterior variance of δj beliefs, and σ2
θ , σ

2
δj
, and σ2

ε are the prior

variance beliefs on the state of the world, Information Provider j’s bias, and the error term,
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respectively.

This means that when an agent receives a signal that is far from its prior belief about

the state of the world, it will conclude that the information contains a significant amount

of bias. Similarly, when the information receiver’s prior on the state of the world is precise

(i.e., σθ is low), it perceives greater bias from the new information.

When there are multiple information sources available to the Citizens, they can use this

method to compare the biasedness of each Information Provider with absolute values of

µB
δj
|xj. Since the bias can have either negative or positive values, the credibility assessment

depends on the biasedness in general rather than focusing on the bias itself. If |µB
δA
| > |µB

δB
|,

then Information Provider B is a better source. Finally, they can keep track of updated µB
δj

and σ̄2
δj
, which enables the Bayesian learning of the biases of information sources in future

learning processes.

z-Statistics Comparison Strategy

[71] propose a model of Bayesian biased assimilation, in which people selectively accept

information that confirms and strengthens preexisting beliefs. In their model, people as-

similate new information after considering 1) how much it is different from (or similar to)

their own prior beliefs, and 2) how precise the new signal is. In this model, after receiving

a message, they estimate the probability that the posterior beliefs on the state of the world

are equal to or greater than the signal, 1− Φ(z),

z =
|xj,t − µ̂θ

i,t|√
(σ2

xj,t
+ σ2

θi,t
)
(
σθi,t

σxj,t

) (5)

where xj,t is the message sent from Information Provider j, σxj,t
is the standard deviation of

the message sent from j at time t. Thus, when z is too large, the signal becomes unconvincing.

This model implies that people are more likely to accept messages with lower z values.1

1In the original equation [71], it does not take the absolute value for the difference between the new

message xj,t and the posterior beliefs µ̂θ
i,t. This study, however, takes the absolute value for this term to

represent the degree of deviation from the preexisting beliefs better.
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In this study, when learning the credibility of Information Providers, Citizens compare

the z statistics from each source and conclude that the source with lower z is better perform-

ing. They also become more likely to sample more messages from the source when learning

the state of the world.

3.3.2.2 Learning θ with Endogenous Sampling Strategy

The ε-greedy strategy is a popular approach to balance exploration and exploitation

in multi-armed bandit problems, where one needs to decide between different actions with

uncertain rewards [165, 162, 149]. It involves exploiting the best-performing option most of

the time, while occasionally exploring with a globally controlled probability parameter (ε)

that determines the choice of actions.

In this study, I adopt an endogenous sampling strategy that is based on the ε-greedy

method. Before each attempt to sample a message, a Citizen randomly draws a number from

a uniform distribution. If the number equals or exceeds ε, the citizen draws a message from

the more credible outlet. Otherwise, the agent samples a message from the less preferred one.

Thus, ε represents how much an agent is open to getting information from a sub-optimal

source. The following pseudo-code describes the algorithm:

epsilon = 0.05

p = random.uniform()

if p < epsilon: explore less accurate outlet

else: exploit the best outlet

In this example, the probability that an agent samples a message from the optimal outlet

is 95%, while only 5% are assigned to the less accurate information source.

I argue that this public information-acquiring process also resembles how people consume

news in real life. Figure 2 shows that people often expose themselves to media outlets that

hold different perspectives. Additionally, previous studies provide abundant evidence of

selective exposure to like-minded information sources. Further, information receivers rely on

the perceived source credibility when they have to learn new topics [31]. Therefore, in the
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social learning process, people tend to gather information from more credible sources, but

they do not strictly filter out the messages from less preferred outlets.

3.3.2.3 Adjustment of the Model with Sampling Results

This study adopts a quasi-Bayesian approach to define belief updating. Under the

Bayesian learning model with normal distributions, an agent holds a belief that is defined as

a random normal distribution, and the signal also takes the form of a normal distribution. As

explained earlier, here I attempt to model belief formation with a sampling-based approach.

An agent samples some pieces of information from the other agent and uses the sample for

belief updating. Therefore, this study argues that biased information processing occurs at

the credibility assessment stage, which defines the sampling patterns. In addition, since the

agent draws samples from the information source, the sample means and sample standard

deviations are used to infer the information source’s belief distribution and as the Bayesian

signal, consisting of the mean and variance.

Thus, reflecting that an agent samples R number of messages at each step of learning, the

aforementioned equations can be adjusted with sampling results by substituting the message

sent by Information Provider j at time t, xj,t, into the sample mean, xj,t, and the precision

of the message, σ2
xj,t

, into the sample variance s2xj,t
:

µ̂θ
i,t = µθ

i,t−1 + (xi,t − µθ
i,t−1)

(
σ2
θi,t−1

σ2
θi,t−1

+ s2xj,t

)
(1-A)

σ2
θi,t

=
σ2
θi,t−1

s2xj,t

σ2
θi,t−1

+ s2xj,t

(2-A)

z =
|xj,t − µ̂θ

i,t|√
(s2xj,t

+ σ2
θi,t

)
(
σθi,t

sxj,t

) (3-A)

µδ
j,t|xj,t =

µδ
j,t−1(σ

2
θi,t−1

+ σ2
ε)− (xj,t − µθ

i,t−1)σ
2
δj,t−1

σ2
θi,t−1

+ σ2
δj,t−1

+ σ2
ε

(4-A)
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Table 1: Hypothetical Scenarios for Simulations

3.4 Agent-Based Simulation

3.4.1 Simulation Settings

I use an Agent-based simulation to investigate how individual agents’ endogenous infor-

mation sampling affects macro-level social learning outcomes. Specifically, I examine how

different credibility comparison rules impact Citizens ’ belief distributions, outlet choices,

and the time taken for Citizens to stop learning the state of the world.2 The objective of

this chapter is to compare which credibility assessment rule performs better at 1) exploiting

more accurate information outlets, 2) creating consensus among Citizens, and 3) reducing

the time taken to reach a public consensus.

Simulations are conducted under 3× 3 hypothetical scenarios (as shown in Table 1).

According to [50], the persuasion process is affected by the attributes of both speakers

and information receivers. One aspect that characterizes the persuasion process is how the

speakers craft their messages [56, 57, 69, 70]. Therefore, the first dimension of the scenarios

focuses on the message-composing parameters of Information Providers. Similarly, the prior

attitudes of the information receivers also influence social learning [55, 50, 20]. People who

have extreme attitudes and more confidence in their beliefs are more difficult to persuade

2For computational purposes, I consider Citizens to have stopped learning the state of the world if their
average percent changes in µθ

i,t−1 and µθ
i,t fall below 1%.
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Figure 4: Three Initial µθ Distributions of Citizens

[87, 54]. To replicate various social circumstances and how Citizens’ attitudes are initially

distributed, I employ three cases: Consensual, Polarized, and Flat distributions. Figure 4

shows how the initial µθ beliefs of each type of Citizens are distributed. The standard normal

distribution is used for the consensual distribution. In contrast, the polarized distribution

combines two normal distributions, each characterized by a standard deviation of 1 and

means of -3 and 3, respectively. The flat distribution is derived from a uniform distribution

ranging from -5 to 5.

The agent-based simulation consists of 500 Citizens and 2 Information Providers. Cit-

izens are the only type of agents who can communicate with Information Providers by

sampling messages from them. Communication between agents of the same type is not al-

lowed for the baseline model; there is no communication between Information Providers and

between Citizens. At each communication step, Citizens sample 20 messages. The true state

of the world is fixed at 0 (θ = 0).

The simulation includes nine hypothetical scenarios, which are divided into three groups.

The first group (Scenario A-1 to A-3) explores the effect of one unbiased and one biased

Information Providers on Citizens. The precision parameters of both Information Providers

are the same. The second group (Scenario B-1 to B-2) involves two biased Information
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(a) Scenario A (b) Scenario B (c) Scenario C

Figure 5: Information Providers ’ Message Crafting Parameter Settings

Providers, with only one of them sending out precise messages. The third group (Scenario

C-1 to C-2) has two unbiased Information Providers with different levels of precision. Figure

5 visualizes the probability density functions of the Information Providers’ message crafting

parameters.

For each model configuration, the simulation is conducted 100 times3, with a maximum

of 10,000 steps per simulation4. Should agents engage in interactions exceeding 10,000 steps,

the program terminates the simulation and reports the outcomes at the last reached step.

The simulation programs were implemented using Python and the Mesa library [?]. The

simulations were run on the H2P cluster5 at the University of Pittsburgh Center for Research

Computing.

3.4.2 Conjectures

This study investigates how different credibility assessment rules affect the social learning

process and proposes three sets of hypotheses that focus on three outcomes of interest: 1)

exploitation of the better source, 2) µθ distribution, and 3) time to reach equilibrium. The

first set of hypotheses examines the relationship between credibility assessment mechanisms

3Given the nature of the model involving frequent random samplings, running simulations 100 times per
model configuration allows for a substantial number of observations.

4Throughout the simulation process, some model configurations required more than 13,000 steps, leading
to computational breakdowns due to memory constraints. As a result, a maximum step limit was imposed
for computational efficiency.

5H2P cluster is supported by NSF award number OAC-2117681.
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and optimal outlet exploitation.

Equation 3-A and Equation 4-A illustrate how agents learn the credibility of each infor-

mation source. The numerator of Equation 3-A indicates that the difference between the

prior beliefs and the sampled message has a positive correlation because the posterior beliefs

given the sampled message are the result of biased assimilation [71]. Similarly, as citizens

compare the absolute value of µδ
j,t|xj,t for each Information Provider, this implies that an in-

formation receiver’s perception of biasedness becomes minimal when the difference between

the messages obtained from the information source and its prior beliefs are equal. Therefore,

when the variances of each Information Provider ’s message are equal, it is expected that the

optimal arm selection is solely based on the difference between an agent’s prior and sampled

messages, resulting in the same exploitation patterns for both credibility assessment rules.

Moreover, since Citizens sample messages similarly, there should be no significant differ-

ences in the final belief distributions and the time required to reach a stalemate under this

circumstance.

C1. If both Information Providers’ messages are equally precise, Citizens’ better-arm-exploitation

patterns will be the same regardless of the choice of credibility assessment rules.

C2. If both Information Providers’ messages are equally precise, Citizens’ belief distributions

should be the same regardless of the choice of credibility assessment rules.

C3. If both Information Providers’ messages are equally precise, the number of steps un-

til Citizens no longer learn should be the same regardless of the choice of credibility

assessment rules.

As shown in Equation 3-A, the z-statistics comparison rule uses sampling variance to infer

the credibility of the signal, while the δ comparison focuses solely on the biasedness of the

signal. Thus, when there is an Information Provider, Citizens will do better at identifying

the better source if they employ the z-statistics comparison rule. In addition, since Citizens

exploit the better outlet more efficiently when they use the z-statistics strategy, the time

taken to reach a stable belief state will be much shorter when they use the z-statistics

comparison rule.

C4. If the variances of messages from each source vary, the z-statistics comparison rule will
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make Citizens exploit the better source more effectively compared to when they use the

δ comparison strategy.

C5. If the variances of messages from each source vary, the z-statistics comparison rule will

make Citizens stop learning sooner compared to when they use the δ comparison strategy.

Finally, unless the averages of messages from each source are the same, the δ comparison

rule will produce polarization, while the z-statistics comparison rule creates homogeneous

beliefs distributions because it only relies on the biasedness of messages. Similarly, if both

Information Providers send messages with equal precision but different mean values, the

z-statistics comparison rule will also produce polarized µθ belief distributions.

C6. If the messages from each Information Provider have different mean values and Citi-

zens use the δ comparison rule, the posterior belief distribution will ultimately become

polarized.

C7. The z-statistics comparison rule will result in polarized Citizens’ µθ distributions if In-

formation Providers send out messages with equal precision but different mean values.

3.4.3 Simulation Results: Baseline Model

3.4.3.1 Unbiased & Precise vs. Biased & Precise Information Providers

The first set of scenarios examines the effect of source credibility evaluation choices

under the environment where one unbiased and a biased Information Provider sending out

equally precise messages (Scenario A-1 to A-3). Figure 6 summarizes the simulation results.

As previously explained, it is expected that both rules will result in the same exploitation

pattern (C1), Citizens’ learning speed should be equal (C3), and their posterior beliefs should

be equally polarized (C3, C6, and C7).

Figure 6b delineates the better performing outlet exploitation patterns of Citizens. Inter-

estingly, the results indicate that the δ comparison rule performs better than the z-statistics

comparison rule in identifying the better outlet in all sub-scenarios. It is interesting to

note that as the level of polarization increases, from consensual distribution to polarized

32



(a) µθ at 50% & Final Steps

(b) IP A choice Ratio (c) Total Steps Run

Figure 6: Baseline Model Simulation Results: Scenario A
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distribution, the exploitation patterns are also affected: Citizens were most successful in

identifying the optimal information providers under the consensual scenario, while they were

least efficient under polarized one. Under the consensual µθ distribution, 92.6% of messages

were sampled from the unbiased source (Information Provider A) using δ comparison rule.

In contrast, 89.9% of messages were sampled from it when using the z-statistics comparison

strategy. When Citizens have flat initial beliefs, the δ comparison rule led 68.9% of total mes-

sages to be drawn from the unbiased outlet, while the ratio was 63.5% using the z-statistics

comparison. Under the polarized environment, similarly, 57.2% of messages were exploited

from Information Provider A with the δ comparison rule, while only 52.3% were sampled

when Citizens compared z-statistics. Pair-wise comparisons of the differences in proportions

between each assessment rule reveal that the differences are all statistically significant at the

99.9% confidence level. This finding indicates that when Citizens observe messages of equal

precision from each source, their credibility evaluation is predominantly influenced by their

predispositions.

Figure 6c shows consistent results with C3. Even though the proportion differences

shown in Figure 6b were statistically significant, the difference was not substantially large

enough: Differences were approximately 5% point or less. Thus, the same steps were run in

all scenarios.

More interestingly, both credibility assessment rules produced highly similar posterior

belief distributions (See Figure 6a). Unless Citizens’ initial µθ is strongly consensual, both

mechanisms produced polarized circumstances in the end (C2, C6, and C7). As it was

shown in Figure 6b, the level of polarization in posterior beliefs is correlated with the degree

of priors’ polarization: it is most polarized when the initial beliefs are polarized, while the

consensual scenario results in being least polarized. As previously explained, when Citizens

are unable to discern differences in message precision from each source, the subjectively

evaluated bias becomes the only indicator for inferring source credibility. Thus, the level of

polarization in their information consumption patterns and posterior belief distributions is

contingent upon how citizens’ prior beliefs are distributed.
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3.4.3.2 Biased & Precise vs. Biased & Imprecise Information Providers

Here, both Information Providers are biased, but one of them sends out imprecise mes-

sages: mA ∼ N(−2, 12) and mB ∼ N(2, 52) (Scenario B-1 to B-3). Reflecting the differences

in signal variances, I expect that Citizens should exploit the more precise outlet more if they

rely on the z-statistics comparison rule (C4). Further, due to better exploitation, Citizens

are expected to stop learning the state of the world if they use the z-statistics comparison

rule (C5). Finally, the δ comparison rule will lead Citizens to become polarized.

Again, as C4 conjectures, Figure 7b shows that Citizens exploit the better arm more

frequently when they rely on the z-statistics comparison rule. The proportion differences

between the two comparison rules were approximately 10% points in all subcategories of sce-

narios. Under the z-statistics comparison mechanism, Citizens exploited the better outlet in

87% of total messages when they already had consensus, 91% with a flat prior µθ distribu-

tion, and 92.5% in a polarized environment. These proportions were significantly different

from those obtained with the δ comparison rule at p < 0.001, as confirmed by statistical

testing of pair-wise comparison of proportion differences. It is more interesting to note that

citizens become more successful exploiting the objectively optimal outlet (i.e., IP A) when

their initial beliefs are polarized compared to when they were consensual.

Figure 7c indicates that the z-statistics comparison strategy required fewer time steps to

reach the equilibria than the δ comparison rule, except in the polarized environment where

both strategies exceeded the maximum number of interaction time steps. Results indicate

that Citizens learned the more credible source early, and the better optimal arm detection

led to quicker convergence among the agents (C5).

Both methods resulted in highly similar µθ distributions in the end (See Figure 7a).

Further, the most interesting finding is that citizens’ post-communication beliefs become

most consensual under the polarized initial belief scenario: As indicated in Figure 7b, citizens

under this setting were able to identify the objectively better outlet in the long run, which

results in their posterior beliefs being concentrated on -2 and being unimodal. Under the

consensual settings, on the other hand, they eventually become polarized with the modes at

0 and -2, which reflects the lower efficiency in identifying more precise information outlet.
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(a) µθ at 50% & Final Steps

(b) IP A choice Ratio (c) Total Steps Run

Figure 7: Baseline Model Simulation Results: Scenario B
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Interestingly, the δ learning process replicates the z-statistics comparison strategy even

though it does not directly utilize the sample variance of messages drawn from each Infor-

mation Provider. This finding contradicts the previously conjectures that the δ comparison

strategy would result in polarized information source reliance and belief distributions due to

a sole focus on perceived message biasedness (C3 and C6).

To investigate this further, I ran another set of simulations with two biased and precise

information providers (Figure 12a). Figure 6a and Figure 12b indicate that the δ comparison

strategy polarizes belief distributions only if messages from each source are equally precise,

confirming C3 but partially confirming C6. Similarly, Figure 12c shows that when there

is not an objectively better information source, information choices become polarized. At

the same time, Citizens successfully identified the precise outlet even with the δ comparison

strategy in Figure 7b.

In summary, although Citizens do not directly use sample variance information in cred-

ibility assessment procedures, they can slowly but successfully learn which source is more

optimal than the other even if they rely on the δ comparison rule.

3.4.3.3 Unbiased & Precise vs. Unbiased & Imprecise Information Providers

The final scenarios investigate how Citizens learn about the state of the world and

the credibility of information sources when both Information Providers are unbiased, but

the variances of their messages differ (Scenario C-1 to C-3): mA ∼ N(0, 12) and mB ∼

N(0, 52) (see Figure 5c). Since both messages are unbiased, the accuracy should be assessed

by comparing their variances. As previously conjectured, C4 predicts that the z-statistics

comparison strategy should outperform the δ comparison strategy in identifying the best

arm. It is expected that Citizens will be divided into two groups, each equally likely to

choose either outlet because they do not rely on the sample message variances.

Figure 9b partially confirms these expectations. Under all sub-scenarios, the z-statistics

comparison strategy performed better than the δ comparison strategy. Approximately 92%

of messages were collected from the better outlet using the z-statistics comparison rule,

while they sampled 88% of messages from the optimal source when comparing δ. Statistical

37



(a) Message Crafting Settings (b) Final Citizens’ µθ

(c) Info. Provider A Choices (d) Avg. Steps Run

Figure 8: Both Biased & Precise Information Providers
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testing of the differences in proportions confirmed that the rates are significantly different

from each other. As previously observed in the other scenarios, even though Citizens using

the δ comparison rule performed less well compared to the z-statistics comparison, they

successfully exploited the better outlet.

Figure 9c confirms the expectation that Citizens will stop learning sooner when they

compare z-statistics to evaluate the credibility under this type of scenario (C5). While the

average number of time steps run until agents stopped learning the state of the world was

below 30 steps, it took much longer time to reach the stable status. Figure 9b and Figure 9c

imply that Citizens slowly learn the credibility of information source objectively when they

use δ comparison strategy. Finally, since they both successfully identify the optimal arm,

the posterior µθ are precisely distributed at the true state of the world (i.e., θ = 0).

3.5 Implication and Discussions

Agent-based simulation results confirmed some of my theoretical expectations. First, as

predicted by C1 to C3, when Citizens perceive the differences in message tones (i.e., the

sample average of received messages) with the same degree of precision, both credibility

assessment mechanisms produce highly similar learning patterns. As their behaviors are

solely determined by the differences of means, they tend to create a polarized environment

shortly after agents begin interactions. Their choices of preferable information sources also

become similar.

When agents perceive the differences in the sample variances of messages from each

source, the z-statistics comparison policy performs much better at identifying better sources

compared to when they rely on the δ comparison strategy. As they exploit better sources

more frequently by comparing z-statistics, Citizens’ posterior µθ beliefs reach an agreement

sooner. Finally, under these circumstances, Citizens’ posterior µθ belief distributions become

consensual because of the high reliance on the better information source.

An interesting finding from the simulation results is that even though the δ comparison

strategy does not take variances of sampled messages into account to calculate δ values,
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(a) µθ at 50% & Final Steps

(b) IP A choice Ratio (c) Total Steps Run

Figure 9: Baseline Model Simulation Results: Scenario C
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it successfully replicates the performance of the z-statistics comparison policy, which di-

rectly utilizes the sample variance (See Figure 7b and Figure 9b). However, as the upper

rows of Figure 9c and Figure 9c indicate, the credibility learning process took much longer

when agents employ the δ comparison rule. The posterior belief distributions also become

homogeneous because of the successful detection of optimal information sources.

[84] argues that people learn as “cautious Bayesian.” He found that people’s beliefs do

not get polarized even though they hold cognitive biases. This is supported by the agent-

based simulation results presented in this study, which indicate that even if agents assimilate

information in biased ways, they can still learn the objective credibility of information sources

using the Bayesian learning rule.

[50] proposes Generalizing Persuasion (GP) framework. This framework defines the in-

formation receivers’ persuasion mechanism as the function of 1) their cognitive efforts to

assimilate information, 2) directional motives, and 3) prior attitudes. This study’s model of

social learning echoes the GP framework, as the Citizens learn the credibility of information

sources and determine their reliance on each outlet based on their pre-existing attitudes and

directional motives. The simulation results suggest that agents can still reach agreements

even when reflecting these aspects moderately by exploiting objective optimal outlets.

GP framework also emphasizes the role of speakers. Two factors should be considered

in this approach: The types of speakers and how speakers craft messages. Previous studies

found that people acquire political information both from the better informed [91, 120, 88, 29]

and peers who are easily accessible [116, 147, 127]. Further, reflecting the information senders

also have motives, better understanding in message crafting efforts are needed. However,

little is known about how information providers tune their messages. In the next paper,

the author proposes another model that introduces social networks where both Citizens and

Information Providers can send out messages to others.
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4.0 Social Network Model: Biased Credibility Assessment, Social Network,

and Political Belief Distribution

4.1 Introduction

In the first chapter, I delved into the consequences of biased source credibility assessment

on citizens’ political belief distribution, considering dyadic interactions between citizens and

information sources. However, the intricate landscape of contemporary political discourse

entails a multifaceted process for the formation of political beliefs, shaped by individual-

level cognitive biases, diverse information sources, and the dynamic interplay within social

networks. The rise of digital media, marked by both a significant increase in available in-

formation sources and the segregation of information consumption networks through the

“filter bubble,” has fundamentally reshaped how individuals engage with political informa-

tion. In response to this evolving landscape, this chapter seeks to expand the individual-level

mechanism established in the baseline model into social contexts, by placing agents in the

complexity of social interaction.

More specifically, this section aims to delve into the dynamics of social learning, extend-

ing the exploration from the baseline model to incorporate the influential factor of social

interactions. While the baseline model provided valuable insights into the interplay between

information providers and citizens, it inherently operated in a more isolated learning envi-

ronment. Acknowledging the real-world prevalence of social connections shaping individuals’

perceptions and belief systems, this chapter introduces the Social Network Model to capture

the complexities of information dissemination in a socially interconnected society.

The Social Network Model aspires to unravel the intricate ways in which citizens’ beliefs

evolve, influenced not only by information providers but also through between-citizen interac-

tions within their social networks. Leveraging the structured connectivity of these networks,

we scrutinize how citizens’ social interactions contribute to or counteract belief polarization

and misinformation spread. This chapter commences by offering a detailed exploration of

the variations in social network structures employed in our simulations, emphasizing the
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Random 2 Matching, Group ID Matching, and Extended Network scenarios.

Embarking on this exploration, I recognize the significance of comprehending how diverse

social structures shape the dynamics of information diffusion. The Random 2 Matching

scenario allows for random communication among citizens, offering insights into consensus-

building and information sharing in a more unpredictable network. On the other hand,

the Group ID Matching scenario reflects a homophilic social network where citizens connect

based on shared initial beliefs, providing a perspective on information dissemination within

like-minded clusters. Finally, the Extended Network scenario introduces a broader interac-

tion landscape, encompassing interactions not only with fellow citizens but also information

providers, providing a nuanced understanding of the interplay between various actors.

Through the lens of the Social Network Model, this chapter extends the examination of

credibility assessment mechanisms, incorporating not only individual-level assessments but

also the collective impact of social interactions on belief dynamics. The results presented

in this section aim to unravel how citizens navigate and interpret information in a socially

interconnected world, shedding light on the critical role of social networks in shaping belief

systems and mitigating the adverse effects of biased information.

4.2 Related Literature

In the previous chapter, the baseline model focused solely on how information receivers

react to information delivered by information providers. Specifically, the previous model the-

orized how citizens assess the credibility of political information sources with cognitive bias.

Additionally, under the baseline model, citizens interact only with information providers.

In the social learning environment, however, all citizens can simultaneously be the informa-

tion consumer and the outlet delivering it to fellow citizens. Thus, communication channels

among citizens are essential aspects that determine individuals’ political belief updates and

social dissemination of beliefs.

Existing research has emphasized the importance of social interaction in citizens’ political

attitude changes. When people interact with better-informed individuals, for instance, they
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tend to become more interested in politics, which leads them to become politically more

active [120, 95, 96, 97, 94, 28]. In other words, communication with the well-informed group

can improve the less-informed public’s political knowledge, and improved political knowledge

leads them to be more willing to share it. This finding implies that interaction with the

better-informed can promote the long-term dissemination of political knowledge through

second-hand delivery from the previously less-informed population. Furthermore, since the

better-informed are more likely to be open to political belief updating [172, 53, 121, 35, 92],

political communication can create an open-minded social environment.

Deliberation literature also highlights the importance of political conversations as a fun-

damental element of political persuasion. Specifically, it examines the effects of citizens’

exposure to diverse political arguments. From a normative and empirical perspective, com-

munication between groups is considered beneficial for democracy because exposure to op-

posing viewpoints can: 1) promote interpersonal deliberation [124, 80], 2) improve awareness

of different perspectives [130, 131, 132, 61], and 3) foster a cooperative environment between

groups [123, 135, 18, 30].

While exposure to counter-attitudinal information is assumed to lead to political persua-

sion, research shows that it often has the opposite effect. In fact, people from rival groups are

often not persuaded, and conflicting messages can sometimes cancel each other out, failing to

affect attitude change [148]. In some cases, exposure to contradictory information can even

reinforce preexisting attitudes [79, 122, 16, 58, 10, 9]. This backlash effect is influenced by

various factors, including the receiver’s motivation to assimilate new information in a biased

manner [50], social pressure [107, 146], or group identity [111].

Social interactions with neighbors can indirectly influence a citizen’s attitude formation.

As briefly discussed previously, consensus within close friendship networks can shape social

norms, influencing in-group members to conform [107, 146, 72, 38]. Such social norm percep-

tions further depend on the frequencies of messages people encounter within social networks.

[105] found that if a person is overly confident that their own opinion is consistent with

the majority’s, they may resist changing their prior attitude because they believe they are

complying with the social consensus, even though their beliefs about the social majority are

incorrect globally.
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Another interesting aspect of the social communication channel for political information

exchange is that it can be both self-selective and given. For example, party identity is

often formed through socialization in the early stages of life when social network choice is

less selective. However, as individuals get older, they have the opportunity to choose their

communication counterparts, such as friends, spouses, and life partners, who dominate daily

conversations. In these network choices, individuals tend to seek out like-minded individuals

[81, 110, 34]. People tend to limit their communication to like-minded counterparts [131],

and political ideology-driven homophily can also be observed on friendship networks on social

media [37, 21].

Self-selection in communication partners becomes more salient when a listener can clearly

observe the speaker’s identity cues, such as party or media outlet names. [49] argues that

citizens rely on well-informed discussants with compatible political orientations, as this

shortcut can reduce the cost of analyzing political information. Subsequent studies have

confirmed that like-minded political experts are crucial sources of information for citizens

[39, 111, 19, 126, 29]. Furthermore, a politician is often perceived as less credible when

the citizen and the politician are not from the same party [102, 57, 78, 171]. Ideological

selective exposure also illustrates how political predisposition affects news media choices

[152, 153, 89, 99, 13, 37].

The intricate intersection between the self-selective nature of the communication network

and political belief formation through social interaction again illustrates the endogenous

cyclic mechanism emphasized in the previous chapter: a citizen prefers talking to like-minded

neighbors, reinforcing existing attitudes. This section proposes a social network model,

comparing how different types of social networks affect the social belief distribution among

citizens, assuming citizens behave as they do in the baseline model.
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4.3 Social Network Model: Incidental Social Learning & Biased Assimilation

of Political Information

4.3.1 Model Outline

This chapter delves into the impact of social interactions on the macro-level outcomes

with comparison to the baseline model. Social Network Model is also built upon the base-

line model. While the baseline model only includes dyadic links between each Information

Provider and Citizen, the Social Network Model, on the other hand, Citizens can also com-

municate with each other. Except for the network structure that agents resides in, the

behavioral rules of agents remain fixed.

As the Baseline Model is, two types of agents reside in the model: Information Provider

and Citizen. Information Providers can directly observe the true state of the world (θ) with

their own bias δA. Information Provider A’s belief about θ is normally distributed: θA ∼

N(θ+δA, σ
2
A). They send out messages to Citizen agents which perfectly reflect Information

Provider A’s beliefs about the state of the world with no distortion: xAj ∼ N(θ + δA, σ
2
A).

Again, they do not update their beliefs about the state of the world unless it is changed.

This model has two Information Providers available: IPA and IPB.

The first variation in social network structure is described in Figure 10b (Random 2

Matching). Here, each citizen agent is randomly connected with two other agents, regardless

of the type. Thus, a citizen can communicate with 1) both information providers, 2) one

information provider and one citizen, or 3) two fellow citizens. When choosing communica-

tion partners, a citizen randomly chooses two agents with equal probabilities: Pr(Ei,j) =
1
N
,

where Pr(Ei,j) is the probability of having an edge from citizen i to other agent j and N is

the number of entire agents (i.e., 499 citizens + 2 information providers).

The Group ID Matching network, on the other hand, represents the homophilic social

network. Each agent is categorized into two groups based on its initial belief about the world

status: If their initial belief is greater than 0, they are categorized as Group 1; otherwise,

Group 2 (Figure 10c). The group identities are assigned for all agents regardless of their

types. They are connected to two agents reflecting their group ID: the probability of being
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linked with the in-group member is 90%, but they can be matched with the out-group

members with the probability of 10%.

Finally, citizens are connected with two information providers, and with two citizens

under the Extended Network (Figure 10d). At each time step t, a citizen decides the com-

munication partner type (i.e., whether citizen or information provider). For instance, if

citizen i chooses to communicate with fellow citizens, it allocates resources to sample mes-

sages from two connected citizen neighbors.

As this model allows Citizens to share their beliefs with others, they also send out

messages that perfectly represent a Citizen’s θ beliefs, which are drawn from a normal

distribution: xij ∼ N(θi, σ
2
i ), where xij is the message x sent from Citizen i to another

Citizen, j, and θi is Citizen i’s beliefs about the actual state of the world.

All agents are placed in a directed network space: If Citizen 1 is connected with Citizen 2

(i.e., (C1, C2) ∈ EC1), A can sample messages from B; but it does not guarantee that B will

listen to the messages coming from A reciprocally (i.e., (C2, C1) /∈ EC2), where ECi
represents

network edges that Citizen Ci has with other agents in the network g. In other words, ECi

represents a set of communication channels that Citizen i can use to learn the state of

the world (θ) in this model. After sampling messages from the conversation partners, they

update their θ beliefs using the Bayesian updating rule explained in the previous chapter:

µθ
i,t|xi,t ∼ N(µ̂θ

i,t, σ
2
θi,t

) (6)

µ̂θ
i,t = µθ

i,t−1 + (xi,t − µθ
i,t−1)

(
σ2
θi,t−1

σ2
θi,t−1

+ σ2
xj,t

)
(7)

σ2
θi,t

=
σ2
θi,t−1

σ2
xj,t

σ2
θi,t−1

+ σ2
xj,t

(8)

Again, agent-based simulations are implemented under 3×3 hypothetical scenarios (see

Table 1). There are 2 Information Providers and 500 Citizens in this model. As set in the

last chapter, information providers are never affected by other agents. Also, each citizen has

R = 20, which means they sample 20 messages at each communication step. Finally, the

true state of the world is also fixed at 0 (θ = 0).
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(a) Baseline Model Network (b) Random 2 Matching

(c) Group ID Matching (d) Extended Network

Figure 10: Network Structures
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4.3.2 Simulation Results

4.3.2.1 Unbiased & Precise vs. Biased & Precise Information Providers

First, I begin with the analysis of the scenarios where there is a competition between a

unbiased and precise information provider and a precise but biased information provider. In

addition, as the model does not guarantee all information providers are always connected

with citizens, I focus on the analysis of post-communication belief distribution and the pace

of social belief formation.

Figure 11 illustrates the citizens’ post-communication belief distributions per network

settings.1 Overall, with comparison to the result from baseline model, the figures reveal that

the social interaction among the citizens reduces the belief polarization. The result under

the Random 2 Matching network is intuitively straightforward: As they are matched with

random two neighbors regardless of the partner’s prior belief status, the network should

facilitate the consensus building as it will average beliefs of all citizens.

The findings from the latter two network structures, on the other hand, are particularly

intriguing because they are expected to result in the belief polarization. The Group ID

Matching, for instance, represents homophily among citizens as they are more likely to be

connected with like-minded agents with a probability of 90%. Similarly, as observed from the

baseline results, the extended network is anticipated to result in belief polarization because

information providers consistently send precise messages that attract citizens. Figure 11b

and Figure 11c depict more homogeneous posterior belief distributions, centered around 0.

These findings reflect the second-hand learning through the social interactions. If a citizen is

linked with the optimal (i.e., unbiased) information provider, it rapidly adopts beliefs similar

to the provider’s, effectively serving as a quasi-information provider, spreading objectively

unbiased messages to others.

Figure 12 displays the average number of steps taken by citizens to reach equilibrium.

Although the pace slows down due to citizen-to-citizen communication compared to the

baseline model without such exchanges, it remains reasonably fast when compared to results

1The extreme values are dropped out for a visualization purposes. There are only few cases of having
extreme µθ values throughout the simulations. The total number of dropped observations is only 6.
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(a) Random 2 Matching

(b) Group ID Matching

(c) Extended Network

Figure 11: µθ at Final Steps: Scenario A
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from other baseline scenarios. On average, the Random 2 Matching scenario has the fastest

pace, while the Extended Network scenario has the slowest pace: specifically, 104 steps for

Random 2 Matching, 109 steps for Group ID Matching, and 114 steps for the Extended

Network. Notably, the δ comparison strategy performs just as effectively as the z-statistics

comparison rule.

4.3.2.2 Biased & Precise vs. Biased & Imprecise Information Providers

The second set of scenarios explore the environment where both information providers are

equally biased in opposite directions, but only one of them are sending out precise messages

to citizens. Figure 13 summarizes the citizens’ post-communication belief distributions.

Interestingly, even though the posterior beliefs are distributed differently, all simulation

results reveal that citizens are not affected by the imprecise information provider.

Under Random 2 Matching network, the belief distributions are highly similar to the

baseline model’s result (Figure 13a). When citizen’s initial beliefs are distributed homoge-

neously (i.e., the consensual distribution), they ended up with having slightly polarized belief

distribution with two mods around -2, where the precise information provider’s µθ belief is

located, and 0, where is the citizens’ initial consensus point. Other initial beliefs, on the

other hand, they tend to have consensual belief distribution in the end.

Further, it is interesting to note that the Group ID Matching network lead to consensus

building among citizens even though they are placed under homopilic environment. As pre-

viously mentioned, the network is expected to create belief polarization among citizens due

to the nature of network structure. However, Figure 13b illustrates the most homogeneous

posterior belief distributions compared to the other network structures. Again, all initial be-

lief distributions of citizens are finally transformed into the consensual post-communication

belief distributions.

The posterior belief distribution under the Extended Network combines findings from

the previous results. When citizens’ initial beliefs are homogeneously distributed, they tend

to stay at the initial consensus point even after the social interactions. Under the polarized

initial belief scenario, their post-communication beliefs are significantly affected by the pre-
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(a) Random 2 Matching (b) Group ID Matching

(c) Extended Network

Figure 12: The Average Steps Run Until The Equilibrium
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cise information provider’s messages. The flat initial belief scenario results in the loose belief

polarization with two modes arount -2 and 0.

Figure 14 shows the average number of steps taken by citizens to reach equilibrium. The

baseline model had a very slow belief convergence: overall, the average number of steps

required was 8144.54. The social interactions, on the contrary, significantly expedites the

social belief formation. When citizens are placed under the random 2 matching network and

they use the δ comparison strategy for credibility evaluation, the communication lasts much

longer than other scenarios. On average, the group ID matching has the fastest pace, while

the random 2 matching scenario has the slowest pace: approximately 5251 steps for Random

2 Matching, 106 steps for Group ID Matching, and 117 steps for the Extended Network.

4.3.2.3 Unbiased & Precise vs. Unbiased & Imprecise Information Providers

Finally, when both information providers are unbiased, the post-communication belief

distributions become consensual (Figure 15), as I found from the baseline model. Again, the

random 2 matching network (Figure 15a produces highly similar results with the baseline

model. The group ID matching network also produces highly consensual belief distribution,

except the polarized initial belief distribution. Under the polarized initial belief scenarios,

citizens’ belief distribution become slightly polarized with the mods at -0.5 at +0.1 respec-

tively. This reflects that citizens from each group forms own group consensus, but they are

still pushed towards 0 due to the unbiased information providers. Finally, citizens under

extended network structure reach on a social consensus at 0, with more dense distribution

(Figure 15c). While previous two networks produces relatively long tails in belief distribu-

tions, the post-communication beliefs under the extended network are densely distributed

with short tails.

Figure 16 shows the average number of steps taken by citizens to reach equilibrium. The

baseline model had a very slow belief convergence: overall, the average number of steps

required was 2183.85. The social interactions, on the contrary, significantly expedites the

social belief formation. When citizens are placed under the random 2 matching network and

they use the δ comparison strategy for credibility evaluation, the communication lasts much
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(a) Random 2 Matching

(b) Group ID Matching

(c) Extended Network

Figure 13: µθ at Final Steps: Scenario B
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(a) Random 2 Matching (b) Group ID Matching

(c) Extended Network

Figure 14: The Average Steps Run Until The Equilibrium: Scenario B
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(a) Random 2 Matching

(b) Group ID Matching

(c) Extended Network

Figure 15: µθ at Final Steps: Scenario C
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longer than other scenarios. On average, the extended network has the fastest pace, while

the random 2 matching scenario has the slowest pace: approximately 1977 steps for Random

2 Matching, 118 steps for Group ID Matching, and 107 steps for the Extended Network.

4.3.2.4 Second-handed Learning or the Artifact of Belief Distribution?

To examine the factors contributing to consensus-building across various social network

structures, additional analyses were conducted, presenting two variations and a step-by-step

exploration of the Social Network Model. Appendix A provides detailed descriptions of two

extensions of the Group ID Matching network, introducing variations in the tendencies of

homophily. The results from these extensions consistently align with the main model find-

ings, emphasizing that social interaction inevitably leads to the formation of social consensus

(For a comprehensive explanation, please refer to the Appendix).

Another factor that may influence the simulation results is the inherent nature of the

belief distributions themselves. Given that citizens’ initial belief distributions in all sub-

scenarios are centered at 0, it’s plausible to consider whether social interaction naturally

leads to consensus building by converging to the distributional centroid, regardless of the

presence of elite information providers. However, this conjecture is contradicted by the

findings discussed earlier, as they ultimately result in different belief distributions depending

on the information providers’ belief distributions and the social network structures.

To further investigate this, additional simulations were conducted with two equally biased

information providers, each with messages of equal precision but in opposite directions:

xAj ∼ N(−2, 12) and xBj ∼ N(2, 12). If the convergence to consensus were solely a product

of natural convergence, citizens should end up with consensual belief distributions regardless

of the network types. Therefore, simulations were run under Random 2 Matching and Group

ID Matching networks, as belief distributions would be polarized under these scenarios if

second-handed learning existed.

However, Figure 17 contradicts the conjecture that social consensus would be achieved

regardless of social network structures if it were solely an artifact of belief distributions.

Interestingly, citizens’ posterior beliefs tend to polarize under the Random 2 Matching net-
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(a) Random 2 Matching (b) Group ID Matching

(c) Extended Network

Figure 16: The Average Steps Run Until The Equilibrium: Scenario C
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(a) Random 2 Matching

(b) Group ID Matching

Figure 17: µθ at Final Steps: Both Biased and Precise
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work (see Figure 17a), while Group ID Matching does not lead to belief polarization (see

Figure 17b). Nonetheless, it is noteworthy that the belief distributions become less densely

distributed compared to Scenario B (see Figure 13b), where both information providers are

biased but have different precision levels.

Figure 18 delves into the process of how agents achieved social consensus. The figure sum-

marizes simulation outcomes from a simplified model using a Group ID Matching network,

featuring 100 citizens (Blue and Red nodes) and 2 information providers (Green nodes). In

this illustrative scenario, citizens start with polarized initial beliefs, and both information

providers transmit equally precise messages — one biased and the other unbiased (Scenario

A-3). The horizontal locations of nodes in Figure 18 corresponds to each agent’s µθ val-

ues, with citizens employing a z-statistics learning strategy for source credibility assessment.

Social interactions were implemented for a limited duration of 50 steps.

As depicted in Figure 18a, the social network among agents are highly segregated: Most

communication channels exist between in-group members. There are two main mechanisms

leading to the social consensus. The first dynamic is in-group convergence, whereby citizens

connected to in-group members quickly converge, forming a consensus within their respective

groups. Simultaneously, as previously mentioned, citizens connected to unbiased information

providers swiftly adopt beliefs similar to those of the unbiased provider shortly after social

interactions commence. Subsequently, they disseminate precise messages within their in-

group, expediting the process of social consensus across the group membership. Over time,

the number of citizens holding biased beliefs tends to decrease (See Figure 18b and 18c).

These patterns vividly illustrate the positive impact of unbiased information reproduction

through indirect (or second-handed) learning from citizens.

4.4 Implication and Discussions

This study delved into the the dynamics of social learning, focusing on the interplay

between information providers, citizens, and their social networks. The model developed

here combine individual-level source credibility assessment with information dissemination
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(a) Initial Step t = 0

(b) Step t = 25

(c) Step t = 50

Figure 18: Step-by-step Illustration of Second-handed Learning: Scenario A-3
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through social networks, offering insights into how citizens’ beliefs are shaped, altered, and

polarized amidst biased or unbiased information sources and diverse social interactions.

The baseline model’s simulation results reveal that signal precision plays a pivotal role in

individual-level source credibility evaluation. Particularly, the results imply that it is crucial

for elite information providers to maintain consistent signals to citizens to attract citizens

into their ideal points. Further, the baseline model implies that citizens become susceptible

to misleading information when they cannot observe the differences in signal precision.

The social network model, on the other hand, highlights the importance of the between-

citizen communication in building the social consensus among citizens. In addition, with

the comparison of the average number of steps run until the models reach to the equilibria,

I found that the social interaction significantly expedites the consensus building among

citizens: the social interaction among citizens drastrically reduces the time required to

reach the equilibria. There are still some exceptions that failed to create consensual post-

communication belief distributions as found in Figure 13a and Figure 15b, but they still

illustrates the tendency forcing citizens’ beliefs centered around the true state of the world.

The findings from the social network models have significant implications for moderating

ideological polarization and correcting misbeliefs. Scenario A, where unbiased and biased

information providers are competing, represents the environment where the experts attempts

to provide unbiased truth to citizens, but the adversarial disinformation provider attempts

to draw citizens’ beliefs away from the true state of the world. Figure 11 demonstrates that

communication between citizens results in more homogeneous belief distributions, indicating

a moderation of ideological polarization. Moreover, the results imply that the impact of

misinformation on citizens’ belief formation can be substantially reduced through active

interpersonal interactions. Likewise, scenario B (with two biased information providers)

represents the social learning under polarized media environment. Findings from scenario B

reveals that the social interaction among the citizens significantly expedites the social belief

formation.

Finally, baseline and social network model assume the information providers send out

messages that perfectly represent their sincere beliefs. However, it is essential to consider

the strategic motives of information senders, as they might want to influence citizens more
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significantly through message crafting efforts. For example, politicians have incentives to ma-

nipulate their messages to secure electoral victories. Similarly, adversarial trolls exploit these

benefits by diverting citizens’ attention from the true state of the world. In the next chap-

ter, I will explore how speakers compose messages, specifically focusing on disinformation

provider intentionally manipulating messages. This investigation aims to understand how

the strategic message composition of elite information providers affects citizens’ information

source choice and belief formation.
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5.0 Disruptive Jamming Model: Social Learning with A Disruptive

Disinformation Provider

5.1 Introduction

As previously outlined, [50] emphasizes the role of speakers in the persuasion process.

One important aspect of the speaker’s effect on citizens’ social learning procedure is how

speakers formulate their messages. Politicians, for instance, aim to persuade voters with their

messages, employing strategies such as advertising, credit claiming, and position-taking to

secure reelection [119]. Similarly, presidents attempt to sway voters by priming the salience

of issues they support [51]. Experts strive to lead public opinion to agreements by informing

the true state of the world, while media outlets aim to provide correct information to the

public. These goals are directly related to the utility function of elite speakers, driving their

message composition strategies.

Elite speakers, as rational actors, have incentives to manipulate their messages to max-

imize their utility, particularly in political contexts. However, little is known about how

information providers formulate their messages [50]. Politicians seek to move public opinion

in the direction of their preferences through priming and framing, with messages often con-

verging towards the political center to attract the most votes under a two-party system [49].

In the realm of media, circulation has become a crucial revenue source, incentivizing news

media companies to tune news reports to attract more subscribers [15]. Studies have shown

that consumer preferences strongly predict media slant [70].

However, message manipulation by elite speakers is constrained by two factors: their

sincere ideals and reputation concerns. Political information reflects the preferences of its

source, limiting the extent to which messages can deviate from their original ideals. Previous

research on media bias has highlighted the significant impact of editorial board preferences

or ownership on biases in news reports [86, 25, 141, 77]. Reputation concerns also play a

role, as less precise signals are perceived as less convincing by information receivers [71]. To

maintain credibility, speakers must compose consistent messages over time and conform to
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their audience’s prior expectations [69].

In an era dominated by social media and online communication, the spread of misinfor-

mation and disinformation has become a significant concern. The ease with which false or

misleading information can be disseminated to mass audiences poses a threat to the integrity

of public discourse and democratic processes. Understanding the dynamics of how misinfor-

mation spreads and influences public opinion is thus of paramount importance in combating

its adverse effects.

This paper proposes an interesting disinformation provider into the agent-based model

proposed in the previous chapters. More specifically, I adopt the disruptive adversarial

agent from [36], who aims to distract citizens’ learning about the state of the world. This

disruption idea reflects previous literature from various perspectives, including cheap-talk

literature focusing on the jamming effects [125] and micro-targeting strategies in political

communication [113]. Combining previous literature, the disruptive agent in this model aims

to jam the spread of true information with micro-targeted messages, constrained by their

sincerely held beliefs and reputation concerns.

The objectives of this essay are twofold: first, to investigate how disruptive messaging

affects citizens’ beliefs in different social contexts, and second, to explore the role of social

networks in mitigating or exacerbating the impact of disruptive messaging. By systematically

varying factors such as the credibility assessment strategies employed by citizens, the degree

of belief polarization, and the structure of social networks, this chapter uncovers the nuanced

dynamics that shape the evolution of political beliefs amidst disruptive messaging campaigns.

Through a novel model of disruption and thorough interpretation of simulation results, this

study contributes to a deeper understanding of the complex interplay between disruptive

messaging, social networks, and belief formation processes, ultimately informing efforts to

safeguard the integrity of public discourse in the digital age.

The structure of this study is as follows. First, I introduce the utility function of the

disruptive jammer and its message composition strategy. Then introduces the behavioral

rules how disruptive jammer works in the simulation setup. The simulations are implemented

in the same environment from the previous two chapters, except it replaces information

providers with an unbiased expert and a disruptive jammer. The simulation results are
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thoroughly explained with the comparison with other models including the ones in previous

chapters. In the final section, I summarize the simulation results and their implications.

5.2 Model

5.2.1 Overview

In this chapter, I propose a model that explores how the behavior of disinformation

providers affects the distribution of social beliefs. In previous chapters, biased information

providers were defined as those who consistently spread their skewed perspectives to citizens.

In this study, however, I introduce a distinct type of information provider that deliberately

manipulates messages to maximize its utility after social learning processes. Specifically, I

present a disinformation provider solely interested in disrupting citizens’ understanding of

the true state of the world within the social system, drawing from [36].

This model is built upon two main assumptions grounded in findings from preceding

chapters. Firstly, all (dis)information providers in this model transmit messages of equal

precision to citizens. Simulation results from earlier chapters suggest that it is consistently

advantageous for information providers to send highly precise messages to persuade citizens

effectively. Given that the goal of an information provider in this model is to steer the social

belief distribution in its desired direction, all information providers are incentivized to finely

tune their message parameters, as precision has been demonstrated to be effective in social

persuasion.

Furthermore, (dis)information providers in this model assume that they are in competi-

tion with one another, without direct communication among citizens. Results from the social

network model indicate the presence of second-hand learning effects, resulting in an increase

in the number of semi-elite information providers within social networks. Moreover, substan-

tial effort is required for information providers to observe the network structures, making

learning about the network structure costly. Leveraging the effectiveness of second-hand

learning observed in the social network model, an information provider can wield significant
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persuasion power by convincing citizens that it is a superior outlet compared to others.

Once again, as the objective of this chapter is to investigate the impact of strategically

crafted disinformation within social networks by comparing results with previous findings,

other elements of model environments such as social network structures, citizens’ behavioral

rules, and initial simulation setups remain unchanged.

5.2.2 Information Providers: Expert and Disruptive Jammer

In this model, there are two subclasses of information providers: an Expert and a Dis-

ruptive Jammer. The Expert, as delineated in previous chapters, represents unbiased and

precise information providers. Experts can be likened to simplified versions of journalists

or academic experts who directly observe the objective state of the world and deliver this

observation to citizens without bias. Their goal is to transmit unbiased truth to citizens and

aid in the formation of beliefs consistent with the true state of the world.

A disruptive jammer, on the other hand, represents the strategic disinformation provider,

who aims to disturb citizens’ learning about the truth. While misleading information

providers in previous chapters disseminate incorrect messages due to their biased obser-

vation of the world, a Disruptive Jammer in this model is motivated to intentionally inject

fabricated messages into the social network. Their utility function is defined by how much

they push citizens’ post-communication beliefs away from the true state of the world [36].

Additionally, I introduce constraint terms to the utility function, penalizing the jammer

for composing messages deviating from their original beliefs. Thus, the jammer j’s post-

communication utility at time t, incurred from setting the message parameter sent to citizen

i, x
(t−1)
j,i ∼ N(m(t−1), σ2

j ), at time t− 1, is represented as:

U
(t)
j |x(t−1)

j,i =
N∑
i=1

[
((µθ

i,t|x
(t−1)
j,i )− θ)2 − (m(t−1) − µθ

j)
2
]

(9)

Here, U
(t)
j |x(t−1)

j,i denotes the jammer j’s utility after sending messages from x
(t−1)
j,i , µθ

i,t|x
(t−1)
j,i

represents citizen i’s belief about the world at t after observing the jammer’s message com-

posed at t − 1, θ signifies the true state of the world, and µθ
j reflects the jammer’s belief

about the world.
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To tailor disruptive messaging parameters, at the initial stage, Disruptive Jammers ex-

plore citizens’ belief distribution. They surveil citizens’ beliefs with a clustered view. Clus-

tered categorization of citizens’ attitudes is a familiar concept; for instance, in an election

survey, respondents are often categorized based on their strength of party identification.

Moreover, previous studies have demonstrated the effectiveness of micro-targeted messages

in social persuasion [85, 83, 113, 139, 160]. During surveillance, Disruptive Jammers obtain

categorized information about citizens’ belief locations with k clusters: they only learn the

cluster membership of citizens and the cluster’s belief centroid locations. Although Dis-

ruptive Jammers lack information about the network structure, surveillance is repeated at

certain time points; in this paper, surveillance occurs during the initialization stage and ev-

ery fifth step throughout the simulation. Between the surveillance steps, the jammer cannot

change the disruptive messaging setup until they update the surveillance result. In addition

to the citizens’ belief distribution, the jammer is aware of the expert’s beliefs about the

world.

Estimation of a cluster’s centroid relies on its members’ µθ values, with the centroid

representing the grand mean of their µθ. Since Disruptive Jammers cannot directly observe

the variance of each citizen’s belief distribution, they estimate the clusters’ variance using

the variance of its members’ µθ values: µ
(t)
k ∼ N(µθ

ki
, V ar(µθ

ki
)), where µθ

ki
denotes the mean

of cluster k members’ beliefs about the world status and V ar(µθ
ki
) represents the variance of

the cluster members’ µθ
ki
.

After the initial surveillance, a jammer pretends as if its µθ
j = µθ

k,t=0 for a citizen who is

a member of cluster k. As citizens are not aware of the jammer’s actual belief distribution,

through this deceptive behavior, the jammer aims to make citizens believe the jammer is

optimal outlet compared to the expert: under the z-statistics comparison strategy, zi,j < zi,o

and δi,j < δi,o under the δ comparision rule, where zi,j and δi,j are the citizen i’s credibility

perception on the jammer j, and zi,o and δi,o are the vice versa. Immediately after the

deception stage, the jammer changes the message parameters to the jamming setup.

Observing citizens’ belief distribution with clustered views, the jammer tunes message

parameters tailored to each cluster and its members. The jammer’s expected utility for
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cluster k given its tailored message to members of k is:

E(U
(t)
j,k |x

(t−1)
j,k ) =

[
(E(µθ

k,t|x
(t−1)
j,k )− θ)2 − (m

(t−1)
j,k − µθ

j)
2
]

(10)

Here, m
(t)
j,k represents the mean of the messaging parameter targeted to cluster k at time t.

As all information providers in this model are assumed to provide equally precise messages,

citizens’ beliefs given the jamming message are dominated by citizens’ biased perceptions.

Thus, the expected utility function becomes:

E(U
(t)
j,k |m

(t−1)
j,k ) =

[
(E(µθ

k,t|m
(t−1)
j,k )− θ)2 − (m

(t−1)
j,k − µθ

j)
2
]

(11)

Moreover, during the deceptive messaging stage, citizens are expected to believe the jammer

is the optimal information source. The expected θ beliefs of citizens who are exposed to

messages with the mean of m
(t−1)
j,k composed at t− 1 are calculated as:

E(µθ
k,t|m

(t−1)
j,k ) = µθ

k,t−1 + (αm
(t−1)
j,k + (1− α)xo,k − µθ

i,t−1)

(
σ2
k,t−1

σ2
k,t−1 + s2xt−1

)

= µθ
k,t−1 + (αm

(t−1)
j,k − xo,k)

(
σ2
k,t−1

σ2
k,t−1 + α2 − (1− α)2

)

= µθ
k,t−1 + (αxj,t − xo,t)

(
σ2
k,t−1

σ2
k,t−1 + 2α− 1

) (12)

Here, α = 0.95 represents the exploitation probability given by ε-greedy sampling strategy,

ensuring the jammer is the optimal outlet for the members of cluster k. Additionally, the

expert’s message remains time-invariant as they always convey unbiased true state of the

world. The jammer also knows that its competitor, the expert, is the unbiased and precise

information provider. Thus, the expected mean of the expert’s message is held at 0: xo,t = 0.

Finally, the sample variance of entire messages drawn by a citizen at time t− 1 is held at 1,

s2xt−1
= 1, as precise information providers have the variance set at 1 in previous chapters.

The optimal disruptive message for the cluster k, m
(t−1)′

j,k , can be derived from the first

derivative of the equation 12:

m
(t−1)′

j,k =
V αθ − µθ

k,t−1 − V α(1− V )µθ
j

V α− 1
(13)

where, V =
σ2
k,t−1

σ2
k,t−1+2α−1

.
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5.3 Simulation Results

This chapter delves into the social consequences of the jammer’s disruption on the social

learning process. To facilitate clearer comparisons, I conduct simulations under identical

environments to those in the previous chapters, except for the changes in the types of in-

formation providers. Moreover, a noteworthy aspect of the disruptive jammer proposed in

this chapter is their capacity to observe citizens’ beliefs in clustered views. Essentially, as

they allocate more resources to the surveillance stage, they should be capable of crafting

finely tuned messages for targeted audiences. Thus, this section also investigates the effects

of surveillance by varying the number of clusters they can observe. The number of clusters

is varied by the powers of two, ranging from 20 to 28, and 500, considering the total number

of citizens: k ∈ {1, 2, 4, 8, 16, 32, 64, 128, 256, 500}.

Additionally, the simulations are conducted under three sub-scenarios that vary the ini-

tial belief distributions of citizens: consensual, flat, and polarized distributions. Since the

(dis)information providers in this model deliver equally precise messages and the jammer’s

messages are not primarily affected by its world status beliefs, simulations are not executed

under scenarios that vary information providers’ messaging parameters, as in the previous

chapters.

5.3.1 Baseline Model: Introducing A Disruptive Jammer

To begin, I compare the pure Baseline model with the baseline model featuring a disrup-

tive jammer. Once again, citizens in this setup are not allowed to communicate with each

other, but they learn about the state of the world by sampling messages from information

providers: the unbiased expert and the disruptive jammer.

Figure 19 illustrates citizens’ post-communication belief distribution. Each subplot in

Figure 19 describes the simulation results based on different initial belief settings of citizens.

The vertical axis shows the distribution of µθ
i,T at the time when citizens no longer update

their beliefs (t = T ). The horizontal axis represents the disruptive jammer’s surveillance

ability, indicating how many clusters the jammer can perceive. As expected from the dis-
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ruptive message optimization function, Figure 19 clearly demonstrates the jamming effect.

Particularly, as the number of clusters the jammer perceives increases, the jamming effects

become more pronounced.

Moreover, two interesting findings emerge from the results in Figure 19. First, when the

jammer is only capable of detecting the global mean of citizens’ belief distributions (i.e.,

k = 1), the macro-level distribution of citizens’ beliefs about the world tends to be double-

peaked but within a narrow interval. This minor polarization is more distinct under the

consensual initial setting scenario (on the left end of Figure 19a). This result suggests that

because the jammer only observes the global mean, their messaging parameter serves as if

citizens are observing two information providers competing with equally precise but with

different message means.

The second, and more intriguing, finding is the presence of a clear ceiling effect regarding

the jammer’s surveillance ability: there is a threshold point beyond which the effectiveness

of jamming messages does not drastically increase. In Figure 19, the tipping point is at a

surveillance level of 8; after surpassing this point, the posterior belief distributions look highly

similar to each other. This observation is interesting because it aligns with the political sci-

ence tradition of categorizing American voters into 7 groups depending on their attachment to

each party: Strong Democrat, Democrat, Democrat-leaner, independent, Republican-leaner,

Republican, and Strong Republican. This implies that these categories can serve as the

optimal surveillance ability level in crafting micro-targeted messages in political information

outlet competition.

Figure 20 illustrates the ratio of how many messages were sampled from the jammer

in the last time step compared to the unbiased expert. The jammer successfully attracts

citizens, leading them to believe it outperforms the unbiased expert. Likewise, it supports the

observation of the ceiling effect of the surveillance ability across all sub-scenarios. Once the

surveillance ability exceeds 8, the exploitation rate does not increase steeply. The successful

attraction results from the deceptive message sending after the initialization stage: the

jammer successfully misleads citizens by pretending its belief is located at each cluster’s

centroid.

Another interesting finding is that disruption outperformed when citizens employ the δ
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 19: µθ at Final Steps: Baseline Model
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comparison strategy (see the upper row of Figure 20a - 20c) for source credibility evaluation

compared to when they use the z-statistics comparison strategy (see the bottom row). This

result stems from the nature of each credibility assessment rule: under the δ comparison rule,

credibility perception is dominated by the similarity of messages with respect to preexisting

beliefs, while the z-statistics comparison strategy strikes a balance between bias detection

and message precision.

Finally, Figure 21 summarizes the average number of steps required to reach the ‘steady-

state’ where citizens do not update their beliefs further. Under all subscenarios, the simula-

tion lasts approximately 100 steps and reaches the steady-state relatively quickly. This result

is closely related to the findings from the exploitation pattern: as the jammer successfully

attracts citizens relatively early in the simulation steps, they swiftly form static beliefs fixed

at their initial values, even though the unbiased expert continues to share unbiased informa-

tion. Due to the fast belief consolidation, there is no evidence illustrating the effectiveness

of jamming messages in terms of determining the speed of belief consolidation.

5.3.2 Social Network Model: Random 2 Matching

Now, I examine the effects of jamming messages on social belief formation under a

scenario where citizens can communicate with fellow citizens. The first network I explore

is the Random 2 Matching network, where each citizen is connected with 2 other agents

regardless of their types. In contrast to the baseline model where elite-level information

providers are connected with every citizen, the communication partner selection in this

model is entirely random. Since communication between citizens and information providers

is not guaranteed in this model, the outcomes of interest are limited to the social belief

distribution and the speed of belief consolidation.

Figure 22 summarizes the post-communication belief distribution under the Random 2

Matching social network. Consistent with findings from the social network model, opening

communication channels with other agents with diverse beliefs fosters social consensus build-

ing even in the presence of the adversarial disruptive agent. While disruptive messages lead

to the consolidation of initial beliefs even after the social learning process, the Random 2

73



(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 20: Jamming Outlet Choice Ratio: Baseline Model
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 21: Total Steps Run: Baseline Model
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Matching network facilitates the mixing of diverse perspectives and converges them toward

the true state of the world in all scenarios.

An interesting finding is that the jamming effect is more evident when citizens rely on

the δ comparison strategy than the z-statistics method. The blue density plots in Figure 22

illustrate the posterior belief distribution at the end of social interaction when citizens rely

on the δ comparison rule. It is noteworthy that these density plots tend to have longer and

thicker tails than their comparison sets in orange, indicating that jamming was slightly more

effective under this condition than the z-statistics comparison rule. As previously explained,

this difference arises from the nature of the method, which focuses solely on the message

receivers’ biased perception of information sources.

Finally, surveillance ability does not affect the shape of the posterior belief distribution,

as jamming is not effective under this environment.

Figure 23 illustrates the average number of total steps run until citizens reach the steady-

state. Once again, citizens’ beliefs are consolidated relatively quickly after approximately 110

steps. The number of steps run under the social network model was similar to this, implying

that the jamming messages do not significantly affect the increase or decrease in the belief

consolidation speed. Likewise, the surveillance ability does not influence the changes in

speed.

5.3.3 Social Network Model: Group ID Matching

I also conducted simulations under the Group ID matching network, where all agents

are assigned group identities based on their initial beliefs, and there are higher chances

of being connected with in-group members. Previous chapters revealed that even though

the network is designed to deepen homophily, the presence of elite information providers

can foster consensus building due to interactions between in-group consensus and second-

hand learning from optimal information sources. Similar patterns are observed in Figure 24:

despite the network structure representing homophily, it does not hinder social consensus

building, even when disruptive messages are consistently delivered to citizens. Additionally,

as observed in the random 2 matching network, the belief distribution becomes slightly wider
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 22: µθ at Final Steps: Random 2 Matching
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 23: Total Steps Run: Random 2 Matching

78



when citizens employ the δ comparison strategy. Furthermore, the jammer’s surveillance

ability does not lead to changes in citizens’ posterior belief distribution.

Figure 25 compares the average number of steps run depending on the surveillance ability

of the jammer and the initial belief distribution of citizens. Once again, even under the

homophilous social network, citizens reach social consensus quickly. Comparing to the social

network model’s simulation result, the jamming messages do not significantly affect the speed

of consensus building. Likewise, as there is no jamming effect, the surveillance ability does

not lead to changes in speed.

An additional supplementary analysis is conducted in this section. Previously in the

second study, the finding of social consensus building in the group ID matching was inter-

preted as the interaction effect of in-group consensus building and second-handed learning.

Especially notable was that social agreements were built even with polarized initial beliefs,

expected to deepen belief polarization. Linking these observations from the previous chap-

ter with this section’s results, further exploration is undertaken to determine if the results

change with greater initial belief polarization. While the polarized initial belief had two

modes at -3 and +3, here the gap between two clusters is expanded by three times at -9

and +9. As the space between two peaks increases, it should provide a larger room for the

jammer to tailor more diverse and appealing messages to citizens. Thus, combined with the

homophilous nature of the network building mechanism, significant jamming effects deterring

social consensus building are expected.

Figure 26 illustrates the simulation results with greater polarized initial beliefs, support-

ing the conjecture with increased numbers of clusters. Additionally, similar to the jamming

baseline model, the jamming effect becomes more evident when the jammer’s surveillance

ability is over 8. While the jamming baseline led citizens to stick to their initial beliefs, it

creates a belief distribution with three clusters peaked around -10, 0, and +10, respectively.

This result implies that the jammer can exploit benefits from greater levels of belief dispar-

ities between citizens and clustered network setup, leading to the fractionalization of the

belief distribution in the end. Likewise, the increase in the efficiency of jamming messages is

not linear: it shows similar levels of jamming effect when the surveillance ability goes over

8.

79



(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 24: µθ at Final Steps: Group ID Matching
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 25: Total Steps Run: Group ID Matching
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Figure 26: µθ at Final Steps: Group ID Matching with Further Initial Belief Polarization

5.3.4 Social Network Model: Extended Network

Finally, I examine the jamming effect under the extended network, which combines the

random 2 matching and the baseline model networks. In this network, each citizen is con-

nected with 4 agents: two elite-level information providers and two randomly matched cit-

izens. Under this structure, at each time step, citizens randomly choose the type of com-

munication partner and sample messages from the chosen type of neighbors. Thus, in this

part, I compare the simulation outcomes, including the social belief distribution, the ratio

of citizens’ choices of the disruptive jammer, and the number of steps required to reach the

steady-state.

Figure 27 shows the social belief distributions under each subscenario. Consistent with

previous jamming social network models, this model also creates consensual posterior belief

distributions. Likewise, as jamming messages are suppressed by consensus-building forces,

the jammer’s surveillance ability has no effect on social belief formation. This result high-

lights the importance of social support in political information processes. When citizens are

isolated and only able to communicate with elite-level information providers, they become

vulnerable to being attracted by disinformation, deterring social agreement. But when citi-
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zens can communicate with other fellow citizens, social agreement becomes inevitable, and

the expert’s messages become salient, correcting the disinformation.

The aforementioned superiority of expert messages in this model is supported by Figure

28. It summarizes the proportion of messages sampled from the jammer at the final inter-

action step (i.e., t = T ). None of the subscenarios indicate that more than 50% of messages

are drawn from the disruptive jammer, indicating that most citizens found experts’ mes-

sages more truthful. An interesting observation is that citizens become least susceptible to

disinformation when their initial beliefs are flat. Likewise, Figure 27b shows the shortest

distribution tails compared to the other scenarios. This implies that the jammer found it

more difficult to distract citizens, and the social force to create agreement is greater than in

other scenarios.

The average number of steps run is depicted in Figure 29. Simulations under the extended

network last longer than the other jamming models. This reflects two aspects. First, it is

the product of the behavioral rule and the network structures. As a citizen is connected

with both types of agents, in each step, the agent picks its communication partner type,

which slightly slows down overall learning speed by complicating interactions at each time

step. Additionally, it implies that even though jamming messages are suppressed in the

end, the result suggests that the jamming messages could have deterred the learning process

in earlier stages, leading to a slowing down of the learning process. Specifically, the result

under the polarized initial belief setting is interesting to note as it tends to take longer than

its comparison sets in other scenarios. There are two interesting observations in Figure 29.

First, when citizens rely on the δ comparison rule, they tend to reach the steady-state slowly

compared to the z-statistics comparison rule. As previously explained, jamming messages

work better with δ comparison. Furthermore, the left three columns of the figure’s upper row

show a gradual increase in total steps, implying that the jamming —even though the effect

was negligibly minimal —slows down the social learning process, at least in these subsets of

scenarios.
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 27: µθ at Final Steps: Extended Network
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 28: Jamming Outlet Choice Ratio: Extended Network
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(a) Consensual Initial Beliefs

(b) Flat Initial Beliefs

(c) Polarized Initial Beliefs

Figure 29: Total Steps Run: Extended Network
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5.4 Discussion and Conclusion

This study delved into the dynamics of disruptive messaging within the realm of social

belief formation. Through extensive simulations, the impact of a disruptive jammer on

citizens’ beliefs was explored across various network structures and initial belief distributions.

The findings from the agent-based simulations shed light on the intricate interplay between

disruptive messaging, social networks, and belief consolidation processes.

Primarily, the simulation results underscore the resilience of social consensus-building

mechanisms against disruptive messaging. Despite the presence of an adversarial troll de-

livering disinformation to deter social learning, social networks ultimately facilitate the con-

vergence of citizens’ beliefs towards the true state of the world. This resilience underscores

the pivotal role of social interaction in mitigating the influence of disinformation campaigns

and preserving the integrity of collective beliefs, as evidenced in earlier chapters.

Moreover, I found that the effectiveness of disruptive messaging is contingent upon sev-

eral factors, including the credibility assessment strategy employed by citizens and the degree

of belief polarization in the initial belief distribution. The simulations revealed that citizens

relying on the δ comparison strategy are more susceptible to disruptive messaging, as it con-

centrates solely on the perceived similarity of messages to pre-existing beliefs. Additionally,

greater belief polarization provides fertile ground for the jammer to exploit, leading to more

pronounced disruptions in political belief formation.

The structure of social networks also emerges as a crucial determinant in shaping the

impact of disruptive messaging. While homophilous networks may exacerbate belief po-

larization, they concurrently facilitate social consensus-building through interactions with

diverse opinion holders. Conversely, networks with more random connections afford citizens

access to a broader range of perspectives, bolstering resilience against disruptive messaging

and promoting collective rationality.

In conclusion, this study underscores the imperative of comprehending the interplay

between disruptive messaging, social networks, and belief formation processes. By eluci-

dating the mechanisms underlying the spread of disinformation and the resilience of social

consensus-building, it furnishes valuable insights for strategizing against the proliferation of
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misinformation. Particularly, the insights derived from the findings, especially evident in

Figure 26, suggest that disinformation providers may exploit the fractionalized citizens’ be-

liefs to prolong their influence. Thus, this study provides critical insights into the conditions

under which disinformation can persist and magnify its impact.
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6.0 Conclusion
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Appendix Appendix to Social Network Model

Extending from the social network structures illustrated in the main text, this section

explores how the results changes by varying the degree of homophily among agents. While

agents are connected with same group members with the probability of 90%, here, I lower

the probability to 70%. This serves as the midpoint between the Random 2 Matching and

the Group ID Matching illustrated in the Section 4.3.2.

Figure 30: Probability Distribution over the Distance between Agents

Another variation made here is matching agents based on the distance between agents.

Suppose Citizen i tries to connect with another Citizen j. To determine if Citizen i samples

messages from j or not, I first calculated the euclidean distance between two agents (Di,j).

Then I assigned the probability of building an out-edge from i to j with following exponential

function: Pr(Ei,j) = e(Di,j), where Pr(Ei,j) is the probability of having an outedge from i

to j and e(Di,j) is the natural exponential with the power of the distance between i and j.

The probability distribution is illustrated in Figure 30. With the probability obtained from

the exponential function, a random draw from a binomial distribution was executed: if the

outcome is 1, the outedge from i to j is built; otherwise, find another agent k and repeat
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the same process until it has 2 outedges in total.

(a) Group ID 70% Matching

(b) Belief Distance Based Matching

Figure 31: µθ at Final Steps: Scenario A

Figure 31 and 32 shows the results from two network structures. The findings are con-

sistent with ones from the Section 4.3.2: The social interaction among citizens does decrease

the belief polarization (Figure 31). The swiftness to reach the consensus is slightly slowed

down with comparison to the baseline model, but they are equally as fast as the ones from

the Section 4.3.2.
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(a) Group ID 70% Matching (b) Belief Distance Based Matching

Figure 32: The Average Steps Run Until The Equilibrium: Scenario A
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