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Abstract

The occurrence of echo chambers is a well-known phenomenon in social networks. Echo chambers
are groups of agents satisfying three properties: homogeneity, i.e., sharing the same opinion, segre-
gation, i.e., listening primarily to agents of the same group, and reinforcement, i.e., increasing opin-
ion similarity over time. Opinion dynamics models have been used to explain how echo chambers
occur through agents revising their opinions. However, social network users also exchange beliefs
supporting their opinions. Here, the aim of this study is to identify the effect of propagating beliefs
together with opinions on the formation of echo chambers. For that purpose, an existing opinion
dynamics model is complemented with classical belief merge operations. This allows agents to
propagate and update their opinions and beliefs. Beliefs and opinions may also be maintained co-
herent guided by values that agents share. In addition, new measures, which apply to either beliefs
and opinions, to identify echo chambers based on the three properties are introduced. This model
is used to simulate opinion and belief propagation with varying initial conditions and agent toler-
ance for different opinions/beliefs. Results confirm the occurrence of echo chambers observed in
previous opinion dynamics studies in a different setting and with a more strict measure. They also
demonstrate the occurrence of echo chambers with belief propagation. Finally, they show that con-
necting opinions to beliefs and maintaining their coherence decreases the number of echo chambers.

Note

Following the double degree program between University of Tsukuba and Université Grenoble
Alpes (UGA, France) in the field of computer science, an earlier version of this thesis has been
submitted to UGA in June 2025 with the title “Exchanging and updating opinions and beliefs re-
duces echo chambers” as my master report. This version subsumes the earlier version.

This document is compiled on: March 12, 2026
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Chapter 1

Introduction

1.1 Background

Echo chambers are well-known phenomena in social networks. They denote a situation in which a
group of persons only interacts with people who have opinions close to theirs, thus reinforcing their
opinions [45]. Overall, literature supports that they exist [34].

Opinion dynamics studies how agents’ opinions are formed through their interactions [28].
Bounded confidence models are one of the most well-known and classical models in this field.
They have been applied to explain how echo chambers arise because they allow agents to ignore
other opinions which are too different from theirs. For example, it is shown that, similarly to ex-
isting social networks, agents following bounded confidence models and modifying the network to
stop listening to others with different opinions form echo chambers [55].

However, these models do not take into account the effect of agents’ beliefs. People exchange
and revise not only their opinions but also their beliefs through interactions. For example, beliefs can
be communicated to justify opinions: “I am for constructing tram lines (opinion) because I believe
that this would reduce traffic jams (justification by beliefs).” Moreover, people can change their
opinions with respect to their beliefs and vice versa. Such interactions have not been considered.

The way in which beliefs can propagate has been studied in the field of belief change. In addition
to the social propagations, opinions and beliefs should be connected within a single agent. This can
be described based on values agents share.

1.2 Approach

Based on these observations, a model defining interactions between opinions and beliefs as well as
interactions between opinions and between beliefs is introduced. Hereafter, opinions and beliefs are
different: the opinions of an agent denote how positive or negative it is toward the corresponding
topic, while beliefs represent what it considers as true based on logical reasoning. In this model,
opinions and beliefs are propagated through existing models [55, 57] and a value-based mechanism
is used to maintain their coherence. The novelty of this model is that it connects opinions and
symbolic beliefs by generalizing existing ones.

The aim of this study is to investigate whether allowing agents to interact based on beliefs
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leads to more or less echo chambers. To achieve this, simulations with the SOBA simulator [11] I
implemented are performed to test the following hypotheses:

H0 If opinions evolve independently of beliefs, opinion echo chambers should arise.

H1 If beliefs evolve independently of opinions, belief echo chambers should arise.

H2 Considering opinions and beliefs when agents filter their neighbors creates more echo cham-
bers than considering opinions or beliefs.

H3 Connecting opinions and beliefs and keeping them coherent increases the number of echo
chambers.

Various measures have been provided to identify echo chambers in online social networks and
simulations [45, 38, 34]. However, such measures do not necessarily cover all the characteristics of
echo chambers. Thus, new measures to capture echo chambers based on their definition in existing
work are introduced. They compute the number of strongly connected components that have the
characteristics of echo chambers. They allow to identify echo chambers directly.

1.3 Results

Multi-agent simulations of the proposed model confirm that agents form echo chambers either based
on their opinions, as in [55], or their beliefs. In other words, the results show that it is a generaliza-
tion of existing models. In addition, agents form less echo chambers if they evolve their opinions
and beliefs together from the viewpoint of opinions, but they form more echo chambers from the
viewpoint of beliefs. Finally, they form less echo chambers if they synchronize their opinions and
beliefs than if they do not. These results are obtained by comparing the means of the measures that
are defined in this thesis.

1.4 Outline

The remainder of this thesis is organized as follows. Chapter 2 shows how agents behave in an
intuitive scenario. This illustrates that following procedures are required: (1) a procedure to update
opinions based on other agents’ opinions, (2) to update beliefs based on other agents’ beliefs, and
(3) to synchronize them. Thus, in Chapter 3, existing models relevant to this problem and especially
to process (1) and (2) are presented. Based on the existing models, a new model is defined in
Chapter 4. In this model, the processes (1) and (2) are based on existing models, and the process (3)
is provided. Chapter 5 introduces hypotheses to be tested with the model in this thesis, a measure
to identify echo chambers, and experimental settings. Chapter 6 presents and discusses the results
from the experiments planned in the previous chapter. Finally, Chapter 7 concludes this thesis and
presents future work.
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Chapter 2

Intuitive Scenario

Before reviewing related models and presenting the proposed model, how agents evolve their opin-
ions and beliefs in the model is presented through an intuitive scenario.

Alice, Bob, Celia, and David are discussing whether the city they are living in should build tram
lines or not. The network they form can be visualized in Figure 2.1 (left). Alice is in favor of the
construction plan because she believes that this would reduce traffic jams. On the contrary, Bob is
against the plan because he believes that this will lead to raise taxes. Celia may be negative toward
the plan because she may think that if taxes should be kept low, then trams cannot be built. Finally,
David may be neutral toward it because he may believe that either ‘having tram lines and less traffic
jams’ or ‘doing without trams and less taxes’ can happen, but has no idea about which one actually
happens.

Their discussion starts from listening to each other’s opinions and beliefs. Whether a person
takes into account what another explains depends on how close their opinions and beliefs are. Here,
assume that Bob and Alice have close enough opinions and beliefs and thus Alice listens to Bob,
while Alice ignores Celia because theirs are too different. Then, Alice listens to what Bob explains
and updates her opinion (i.e., how positive or negative she considers the topic) and beliefs (i.e., what
she believes). For example,

(A) She may become slightly less in favor of trams.

(B) She may believe that if their city constructs the tram lines, then there will be less traffic jams

Alice Bob

Celia David

Alice Bob

Celia David

Fig. 2.1: Visualization of the network in the intuitive scenario before (left) and after (right) inter-
actions. The arrow from a person p to another person q means that q listens to p (i.e., the arrow
shows the direction of an opinion transmission). Blue dashed lines circumscribe strongly connected
components; blue solid lines are echo chambers.
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and higher taxes.

(C) If she considers higher taxes as bad, or worse than traffic jams, based on her values, she will
be more negative about the topic.

(D) She may also feel uncomfortable and change her beliefs about how much traffic jams will be
reduced to better support her new opinion [51, 65].

In addition, Alice may decide to stop listening to Celia and start listening to someone else
with closer opinions and beliefs than Celia, e.g., David, instead. This can be achieved by stopping
someone with the farthest opinions and beliefs (here Celia) and starting listening to someone who
is the closest to Alice (David here). Thus, the network is updated from the left to the right in
Figure 2.1. If she decides to do so, the next time she updates her opinions and beliefs, she will take
Bob’s and David’s opinions and beliefs into consideration.

If they continue interacting in this way, the four people may be split in two groups such that
people listen to other people in the same group but ignore those in different groups. People in the
same group will share the same (or similar) opinions and beliefs. Such a state is called an “echo
chamber”.

Considering the story above, some questions can be asked:

(Q1) Does exchanging and updating opinions allow agents to form echo chambers as it is discussed
in [55]?

(Q2) Does the same happen if they exchange beliefs?

(Q3) Moreover, does introducing beliefs help fighting against echo chambers, i.e., their number
decreases?

(Q4) In addition, does keeping opinions and beliefs coherent affect this?

In order to answer these questions, a model of opinion and belief joint propagation and measures to
precisely identify echo chambers are provided.
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Chapter 3

State-of-the-Art

To answer the questions raised at the end of Chapter 2, it is needed to model agents’ behaviors (A)
to (D) in the chapter. Especially, opinion and belief propagation ((A) and (B), respectively) have
been considered from the standpoint of opinion dynamics and distributed belief change. Thus, both
fields as well as the definition of echo chambers and how they are detected are reviewed.

In this chapter, first, general concepts shared by various state-of-the-art models and the pro-
posed model are presented (Section 3.1). Then, the definition of echo chambers and how they are
detected in the existing work are reviewed (Section 3.2). After that, several classical opinion dy-
namics models (Section 3.3) and their application for modeling echo chambers (Section 3.4) as
well as distributed belief change frameworks (Section 3.5) are presented. Finally, former work
that tried to connect opinions and beliefs are presented (Section 3.6) before concluding this chapter
(Section 3.7).

3.1 Preliminaries

LetA be a set of agents that correspond to people in our society. Each agent a ∈ A has a non-empty
set of neighbors N t

a ⊆ A \ {a} at time t. The directed network that agents form at time t is denoted
as Gt = ⟨A,N t⟩ such that N t =

⋃
a∈A{⟨a, a′⟩; a′ ∈ N t

a}.
Each agent a ∈ A also has a cognitive state ⟨Ota, Bt

a⟩ at time t made of its opinion Ota toward
a topic ϕ and beliefs Bt

a. Only single topic is considered in this thesis. Opinions are represented
as numbers between 0 and 1, i.e., Ota ∈ [0, 1] ⊆ R. Similarly, beliefs are represented as a set of
propositional formulae, i.e., Bt

a ⊆ LP such that LP is the set of propositional formulae constructed
from the set P of atoms using the usual connectives. Moreover, the set of models of beliefsB ⊆ LP
is noted as M(B).

In the propositional settings, beliefs B can be replaced by a single formula
∨
ψ∈B ψ ∈ LP .

Hence, hereafter, beliefs are also represented as the corresponding formula for simplicity.
In addition to M(·), the beliefs (as a single formula) whose set of models is M ⊆ M(⊤) are

denoted as [M ]. However, it is impossible to obtain unique beliefs from [·] because several beliefs
can share the same set of models. For example, if p, q ∈ P , then [{m ∈ M(⊤);m |= p ∧m |= q}]
can be p ∧ q, q ∧ p, (p ∧ q) ∨ (p ∧ q), etc. Hence, to consider the operation [·] as a function which
maps set of models to the corresponding single formula, in this thesis, without loss of generalities,
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it is assumed that each element of LP is represented as full disjunctive normal form (FDNF). To
simplify the notation, the formula which is satisfied by all interpretations is denoted as ⊤. In other
word, M(⊤) is the set of all interpretations. Note that in this thesis, FDNF contains no redundancy
and commutativity. Hence, there are 2|M(⊤)| formulae in FDNF including the contradiction.

The topic ϕ is also represented as a set of propositional formulae (ϕ ⊆ LP ) or the corresponding
formula ϕ ∈ LP in FDNF.
Example 1 (basic settings). Consider the four agents, Alice, Bob, Celia, and David, in Chapter 2.
In the example, Bob and Celia are Alice’s neighbors before they start interacting (t = 0), i.e.,
N0

Alice = {Bob,Celia}.
Each agent’s initial beliefs can be represented as belief sets, for example, B0

Alice = {p → q},
B0

Bob = {p→ ¬r}, B0
Celia = {r → ¬p}, and BDavid = {(p∧ q)∨ (¬p∧ r)}, where the three atoms

p, q and r mean that ‘a tram be built’, ‘traffic jams are low’, and ‘taxes are low’, respectively. Only
these atoms are used in this example, i.e., P = {p, q, r}. Hence, their beliefs can be represented as
equivalent formulae in FDNF as follows:

B0
Alice =(p ∧ q ∧ r) ∨ (p ∧ q ∧ ¬r) ∨ (¬p ∧ q ∧ r) ∨ (¬p ∧ q ∧ ¬r)∨

(¬p ∧ ¬q ∧ r) ∨ (¬p ∧ ¬q ∧ ¬r),
B0

Bob =(p ∧ q ∧ ¬r) ∨ (p ∧ ¬q ∧ ¬r) ∨ (¬p ∧ q ∧ r) ∨ (¬p ∧ q ∧ ¬r)∨
(¬p ∧ ¬q ∧ r) ∨ (¬p ∧ ¬q ∧ ¬r),

B0
Celia =(p ∧ q ∧ ¬r) ∨ (p ∧ ¬q ∧ ¬r) ∨ (¬p ∧ q ∧ r) ∨ (¬p ∧ q ∧ ¬r)∨

(¬p ∧ ¬q ∧ r) ∨ (¬p ∧ ¬q ∧ ¬r),
B0

David =(p ∧ q ∧ r) ∨ (p ∧ q ∧ ¬r) ∨ (¬p ∧ q ∧ r) ∨ (¬p ∧ ¬q ∧ r).

Similarly, their opinions can be represented as O0
Alice = 1.0, O0

Bob = 0.6, O0
Celia = 0.4, and

O0
David = 0.5. Finally, their discussion topic ϕ can be represented using the atoms above as {p}, or

ϕ = (p ∧ q ∧ r) ∨ (p ∧ q ∧ ¬r) ∨ (p ∧ ¬q ∧ r) ∨ (p ∧ ¬q ∧ ¬r)

in FDNF.
The distance between two opinions O and O′ is measured by the absolute difference between

their values:

dO(O,O
′) = |O −O′|. (3.1)

Similarly, the distance between two beliefs B and B′ is defined as the Hamming distance between
their models:

dB(B,B
′) = |M(B) \M(B′)|+ |M(B′) \M(B)|. (3.2)

Agents receive opinions and beliefs from their neighbors only.
At each time t, agent a can determine its set Cta of concordant neighbors as those neighbors

having close opinions and beliefs by:

Cta = {a′ ∈ N t
a; dO(O

t
a, O

t
a′) ≤ ε ∧ dB(Bt

a, B
t
a′) ≤ δ} (3.3)

such that ε ∈ [0, 1] and δ ∈ {0, 1, . . . , |M(⊤)|} are thresholds for opinions and beliefs, respectively.
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Fig. 3.1: Visualization of echo chambers. In this plot, there are two echo chambers (surrounded by
blue lines). Different colors show different opinions and arrow from p to q means opinions of p are
transmitted to q.

Example 2 (concordant neighbors). Assume that ε = 0.4 and δ = 3 and consider agents in Exam-
ple 1. Bob is a concordant neighbor of Alice, as dO(O0

Alice, O
0
Bob) = 0.4 ≤ ε and dB(B0

Alice, B
0
Bob) =

2 ≤ δ. However, Celia is not because dO(O0
Alice, O

0
Celia) = 0.6 > ε and dB(B0

Alice, B
0
Celia) = 2 ≤ δ.

Hence, C0
Alice = {Bob}.

3.2 Echo chambers in social networks

Results reported by existing literature support that echo chambers exist, while some does not [34].
Echo chambers in social networks describe a situation in which a group of persons strengthen their
viewpoints by interacting only with persons who have opinions similar to theirs. Precisely, ‘An
echo chamber is [...] characterized by like-minded users predominantly interacting with each other.
Within these echo chambers, users express and reinforce their beliefs on specific issues, thereby
amplifying their shared viewpoints’ [45]. Typically, echo chambers can be visualized as Figure 3.1.
Note that the term ‘echo chamber’ is used following the definition above and not as something
inherently bad [25]. Sometimes other phrases, such as ‘filter bubble’, are used as synonyms of echo
chambers [38].

Following this definition, echo chambers are groups of people satisfying three properties:

homogeneity means that group members share the same or very close opinions, or beliefs;

segregation means that group members mainly listen to people in the same group;

reinforcement means that group members’ opinions or beliefs do not become more distant over
time.

Concerning the last feature, there are other ways of interpreting “reinforcement”. For example, it
can be test whether agents believe that everyone believes the same things as their beliefs to see
whether their beliefs are reinforced. Moreover, it is possible to test whether agents become more
confident about their beliefs to see it. However, in this thesis, another approach is used: details will
be discussed in Section 4.2.2.

There are various ways to attempt at measuring echo chambers [34]:

centrality measures which are used to detect influential agents in their network. This can be ob-
tained by computing the degree of each node;
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content-based metrics which compare nodes attributes (e.g., their beliefs or opinions);

homophily and polarization metrics which represent the tendency for agents to connect to others
in the same group as them. For example, an agent’s homophily is measured by computing the
ratio of its neighbors who are in the same group as it [38];

graph clustering and partitioning methods measure how segregated the network is with respect
to a given partition. Modularity [49] and random walk controversy [32] are the most well-
known measures.

Among the three properties above, homogeneity can be assessed by a content-based metrics, but
segregation is rather complementary to homophily and reinforcement is barely considered.

Hence, to identify echo chambers according to this definition, measures taking into account the
three properties are proposed.

3.3 Opinion dynamics models

How echo chambers arise has been explained using mathematical models such as opinion dynamics
models. Before reviewing such an application, classical models are introduced firstly.

Opinion dynamics studies how agents’ opinions evolve through interactions [28]. The basic idea
of such models is that agents’ opinions are affected by other agents’ opinions. The modality (A) in
the intuitive scenario is an example of behavior which follows this principle. The “opinions” can be
interpreted in various ways: not only subjective attitudes toward something, but also preferences or
knowledge [14, 61].

There are various models that follow the idea. For example, in the DeGroot model [27], one of
the simplest and most well-known classical models, opinions are updated as follows:

Ot+1
a =

∑
a′∈A

wa,a′O
t
a

where wa,a′ ∈ R is the weight of agents a on agent a′ such that for all a ∈ A,
∑

a′∈Awa,a′ = 1 and
for all a, a′ ∈ A, wa,a′ ≥ 0. In this model, the condition for agents to reach a consensus is proven
theoretically. Here, consensus means that all agents’ opinions are converged, i.e., there exists a
number O∗ ∈ [0, 1] such that ∀a ∈ A, limt→∞Ota = O∗.

Other classical models are the bounded confidence models [26, 36]. In the DW model [26], two
agents a and a′ revise their opinions if the difference between their opinions, i.e., dO(Ota, O

t
a′), is

equal to or less than a threshold ε ∈ R. The largest difference between this model and the DeGroot
model is that agents can ignore others’ opinions. The updating rule of the model can be described
as:

Ot+1
a = Ota + µ(Ota′ −Ota),

Ot+1
a′ = Ota′ + µ(Ota −Ota′),

such that µ is a constant between 0 and 0.5 [28]. Based on this model, it is shown that low tolerance
for dissimilar opinions, i.e., a small ε, prevents agents’ opinions from converging.

8



The model by Hegselmann and Krause (as known as the HK model in these days) [36] is based
on the similar idea. The main difference between the DW model and this model is that the latter
enables agents to take opinions from various agents. The opinion updating process of this model is
described as:

Ot+1
a =

1

|Ata|
∑
a′∈At

a

Ota′

where Ata is the set of agents with enough similar opinions with respect to a threshold ε, i.e., Ata =
{a′ ∈ A; dO(O

t
a, O

t
a′) ≤ ε}.

The process to update opinions can be synchronous, i.e., all agents update their opinions at the
same time, or asynchronous, i.e., some agents can preserve current opinions without performing
updating processes. For example, the DeGroot model is a synchronous model, while other models
introduced so far are asynchronous.

Sometimes, opinions are represented as discrete values such as integers. For example, the voter
model [24, 37] uses the opinion space {1,−1} [35]. In this model, when agent a wants to update
its opinions, it chooses one neighbor a′ randomly and adopts its opinions, i.e., Ot+1

a = Ota′ .
Classical models have been extended so that they can represent agents with opinions toward

several topics. In this case, agent a’s opinions are represented as a n-dimensional vector

(xa(1), xa(2), . . . , xa(n))
⊤ ∈ Rn

where n is the number of topics and xa(i) is the a’s opinions toward the i-th topic. Here, opinions are
updated by considering (1) other agents’ opinions toward the same topic, (2) other agents’ opinions
toward a different topic, and (3) the same agent’s opinions toward a different topic [52, 15, 54].

With the advance of large language models (LLMs), some models consider LLM-based agents
(e.g., [21, 66, 20]). In these models, agents have their personas and exchange their opinions and
reasons to support their opinions. How their opinions are updated depends on the outputs of LLMs,
hence it is difficult to show the process in a similar way to classical models.

3.4 Opinion dynamics models to explain echo chambers

Nowadays, opinion dynamics models based on classical bounded confidence models have been pro-
posed to explain how echo chambers arise [60, 22]. A model with opinion threshold, timelines, and
network rewiring has been proposed to model online social networks, and particularly Facebook,
realistically [55]. In this model, each agent follows at least another agent. At each iteration, one
agent (a) is chosen randomly from A and performs the following:

1. retrieve those posts from a’s timeline which opinion is within the threshold (ε) from a’s own
opinion;

2. update a’s opinions with opinions selected at step 1 as:

Ota =

{
µOt−1

a + (1− µ)

∑
O∈Tt

a
O

|T t
a|

if T ta ̸= ∅,
Ot−1
a otherwise,

where µ ∈ [0, 1] and T ta is the set of opinions selected at the previous step;
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3. remove an agent a′ ∈ Na \ Ca who sent a discordant post from Na and add another agent
a′′ ∈ A \ (Na ∪ {a}) to it if Na \ Ca and A \ (Na ∪ {a}) are not empty; otherwise Na is
kept as is. Intuitively, this means that a “unfollows” a′ and “follows” a′′ if possible. Various
algorithms to choose a′′ is considered: random (choose a′′ randomly), repost (choose one of
the authors of reposts contained in the timeline), and recommendation (choose a′′ with close
enough opinions);

4. submit a new post or repost an existing one in a’s timeline.

The steps 3 and 4 are executed probabilistically. It is observed that the smaller ε is, the more
echo chambers are created. Moreover, it is reported that network rewiring, i.e., unfollowing and
following, based on recommendation or repost accelerates their appearance than simple rewiring
algorithm based on random selection.

Using an extension of this model, Nagura and Akiyama [47] show that the fewer topics are
discussed by agents and the more important they are, the more echo chambers agents form.

LLM-based opinion dynamics models are also applied to explain the phenomena [50, 64, 53].
It is shown that LLM-based agents can form echo chambers through their interactions.

3.5 Distributed belief change

In the field of belief change [29], many operators describe how to revise or merge beliefs. The
modality (B) in Chapter 2 illustrates this. The most straightforward way to achieve this is to concate-
nate beliefs with ∧. However, this does not work in general since such beliefs can be contradictory.
Thus, various ways of merging beliefs are proposed to always obtain consistent ones.

Belief revision games (BRGs) [57] define procedures, similar to those of opinion dynamics, for
merging beliefs. These operators merge several propositional beliefs into new beliefs. They can be
described using the following components [42]:

• pseudo-distance d : M(⊤)×M(⊤) → R≥0;

• aggregation function f : Rn≥0 → Rm≥0;

• total preorder ≤ over Rm≥0;

• integrity constraints B0 ∈ LP ,

such that n,m ∈ Z>0. The pseudo-distance d can be extended to a function which maps beliefs
B ∈ LP and an interpretation I ∈ M(⊤) to R≥0 as follows:

d(B, I) = argmin
I′∈M(B)

d(I, I ′).

Then, for given d, f , and ≤, the corresponding BRG operator Rd,f,≤ is defined as [57]:

Rd,f,≤(B0;B1, B2, . . . , Bn) =

[
argmin
m∈M(B0)

(f(d(B1,m), d(B2,m), . . . , d(Bn,m)),≤)

]
.
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Note that in the initial definition, the syntax of beliefs that are the results of merging is not specified
because the operator is designed to be syntax-independent [57] to satisfy the postulate (IC3) [43].
Moreover, the merged results by this operator are always consistent if B0 is consistent, which is
required by the postulate (IC0) [43].

One of the concrete examples of the BRG operators uses the Hamming distance dH between
interpretations defined as:

dH(m,m′) = |{p ∈ P ; (m |= p ∧m′ ̸|= p) ∨ (m ̸|= p ∧m′ |= p)}|,

summation, usual relation ≤ over R≥0, and ⊤ as the pseudo-distance, the aggregation function,
the total preorder, and the integrity constraints, respectively. The operator is defined equivalently
as [57]:

R(B1, B2, . . . , Bn) =

[
argmin
m∈M(⊤)

n∑
k=1

min
m′∈M(Bk)

dH(m,m′)

]
. (3.4)

The operator is denoted as R instead of the notation in [57] to make the notation simpler because
no other operators from BRG will be used. In BRG, some properties, including belief stability, are
proved theoretically. Note that the property of belief stability, i.e., agents’ beliefs are not changed
after enough interactions, is called “convergence” in [57]. Such property is called as ‘stability’ in
this thesis to distinguish from the DeGroot-wise convergence.

These BRG operators are special cases of merging operators, but do not satisfy the AGM re-
vision postulates [12] in general [57]. In particular, the operator R defined above is not a revision
operator because it does not satisfy the AGM properties [57].

Belief Flow Networks (BFNs) [59] is another framework which enables beliefs to be updated
asynchronously. It uses existing improvement operators which are generalizations of belief revision
operators [44, 41] to revise agents’ beliefs. Examples of the operators are the restrained revision
operator [16] and the one-improvement operator [41]. They map a total preorder over M(⊤) and a
beliefs B ∈ LP to a total preorder over M(⊤) [59]. It is shown that agents reach a consensus if the
network they form is strongly connected. However, the definition of “consensus” in BFN is different
from the definition in the DeGroot model because in BFN, all agents’ beliefs are not necessarily the
same as each other even they reach a consensus [59].

Dynamic doxastic-epistemic logics [63] can model agents exchanging knowledge and beliefs
through, public and/or private, announcements. Such logics have been designed to perform belief
revision when announced statements contradict an agent’s beliefs [13].

None of these procedures allow agents to modify the network. Network rewiring has been
considered in the network knowledge base approach on a simpler belief description language [31].
These work have not considered the impact of belief change on the formation of echo chambers.

One of the application of distributed belief change is cultural knowledge evolution [18, 19]. In
this area, agents have their knowledge represented as description logics and exchange them through
working on common tasks. Through this framework, it is shown that agents can make the same
decision while they do not have to share the same ontology (i.e., knowledge or beliefs).

11



3.6 Toward distinguishing opinions and beliefs

In spite of socio-psychological evidence of their relation [51, 65], there has been few models explic-
itly connecting changing opinions and beliefs as defined in opinion dynamics and belief propaga-
tion. Some models constrain Boolean public opinions with common integrity constraints expressed
logically [17]. Other work has used an influence matrix between opinions in order to enforce their
dependencies [30, 48]. However, these constraints do not have the status of beliefs and do not
change.

In [62], the distinction is made between beliefs and experience. Experience is modeled as data
incompletely sampling the environment. From samples, agents learn beliefs, under the form of a
classifier based on feature correlation. Then they explicitly exchange both data and classifier with
their neighbors. They adopt neighbor classifiers only if it is more accurate on their own experience.
This procedure is called ‘epistemic rationality’, meaning that agents try to maintain as much co-
herence as possible between their beliefs and their experience. It is shown theoretically that agents
converge towards the same beliefs but that this can be suboptimal in terms of accuracy. Although,
this work does not deal with opinions, only belief and data, it provides the notion of internal coher-
ence of agents’ beliefs and experience.

3.7 Conclusion

In this chapter, relevant work in echo chambers, opinion dynamics, and distributed belief change is
reviewed. From this, no model clearly distinguishes opinions from symbolic beliefs. However, it is
required to model the typical interactions between people to answer the questions raised at the end
of Chapter 2: when people express their opinions, they usually add the reasons to support them as
presented in Example 1. Hence, in the next chapter, a new model is introduced.
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Chapter 4

A model for opinion and belief
propagation and integration

As reviewed in the previous chapter, there are no models which connect opinions and beliefs with
clear distinction between them. However, such models are necessarily to analyze the dynamics of
agents with opinions and beliefs to justify them. Hence, in this chapter, a model with this distinction
is introduced. However, the difference between opinions and beliefs is sometimes vague in the
literature. How they are distinguished is discussed in Section 4.1.

neighbors

opinions

beliefs

values

BR

OD

OFBA

Fig. 4.1: The four procedures (BR, OD, OF , and BA) for interactions between opinions and
beliefs.

As discussed in Chapter 2, agents can change their opinions based on their beliefs and vice
versa, as well as based on opinions and beliefs from their neighbors. Hence, four procedures OD,
BR, OF , and BA corresponding to the four possible actions (A) to (D) of agents in the intuitive
scenario (Chapter 2) are defined. The procedures are visualized in Figure 4.1. These functions map
an agent’s cognitive state to a new state. They are separated into two types of functions: belief and
opinion propagation (Section 4.2) and coherence restoration (Section 4.3). Here, coherence means
that an agent has opinions that are obtained based on their beliefs and vice versa. More precise
definitions will be presented in Section 4.3.2.

Note that the model is defined following classical mathematical modeling approach, not using
LLM-based agents. This is because how LLM-based agents change their opinions and beliefs are
opaque, hence this would not allow us to understand which factor(s) contribute to the obtained
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results.

4.1 Distinction between opinions and beliefs

As discussed before (Section 3.3), there are several interpretations of the term “opinions”. In addi-
tion, sometimes the words “opinions” and “beliefs” are used as synonyms. For example, subjective
logic, an extension of probabilistic logic that can represent the confidence of agents about whether
something is true [40], is applied to represent opinions [33]. Moreover, in some papers in opinion
dynamics (e.g., [26]), the term beliefs is used to show opinions. The same thing can happen in belief
change (e.g., [58]). Hence, it is important to clarify the meaning of opinions and beliefs.

In this thesis, agent a’s beliefs are what a regards as true about the environment; agent a’s
opinions toward a topic ϕ are its judgment about how desirable if ϕ becomes true in the future.
The higher and lower opinions are, the more positive and negative agents are toward the topic,
respectively. In other word, beliefs describe the current understanding of an agent about the envi-
ronment, while opinions show agents’ attitudes toward possible environments in the future. Note
that opinions and beliefs are not necessarily coincide: agents who believe that there are no tram
lines can consider building trams as something good. If they should be coincide, opinions should
be interpreted as confidence about something for example.

Such distinctions allow us to investigate how interactions between opinions and beliefs creates
phenomena in our society including echo chambers. However, this approach can restrict the gener-
alities of the proposed model: for example, opinion dynamics models can be used to explain how
agents update their confidence about something [30].

Here, the word beliefs, not knowledge, is used in this thesis. This is because knowledge means
true beliefs with respect to the environment (i.e., facts), while in the proposed model, there are no
facts defined by the environment. For example, both of “University of Tsukuba is located in Japan”
and “University of Tsukuba is located in France” can be beliefs of agents, while only the former is
knowledge as the latter is false.

4.2 Propagation

Before introducing the cognitive operations based on the distinction of opinions and beliefs dis-
cussed in the previous section, first, the propagation processes are defined. In these processes,
agents can revise their opinions by taking other agents’ opinions into account: this corresponds to
classical opinion dynamics models. Similarly, beliefs can be revised based on others’ beliefs: this
process is formalized by classical belief change framework. Hence, existing procedures are simply
used to define them. This means that this model is a generalization of existing frameworks.

4.2.1 Opinion dynamics

In the opinion dynamics process (OD), agents update their current opinions using the current opin-
ions of their concordant neighbors. Here, the opinion updating rules of the model proposed by [55]
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is used because this is a simple and enough realistic model. Thus, OD is defined as:

OD(⟨Oa, Ba⟩) =


〈
µOa + (1− µ)×

∑
a′∈Ct

a
Oa′

|Ct
a|

, Ba

〉
if Cta ̸= ∅

⟨Oa, Ba⟩ if Cta = ∅
(4.1)

such that µ ∈ [0, 1]. Note that filtering with thresholds (ε and δ) is achieved while computing Cta
from N t

a.
Here, continuous opinions are used, i.e., the range of opinions is [0, 1], not discrete opinions.

This is because the former can entail the latter, and thus the former is more expressive than the
other. Note that the range has been changed from [55] to this model ([−1, 1] to [0, 1]) considering
the synchronizing process OF (Section 4.3.2), but this does not raise problems here. To represent
opinions taken from the interval [−1, 1], changing scale is enough.
Example 3 (opinion dynamics). Consider agents in Example 1. Assume that µ = 0.5. If Alice
performs OD, since C0

Alice = {Bob} (Example 2), her opinions after performing OD are

0.5 ·O0
Alice + (1− 0.5)O0

Bob =
1.0 + 0.6

2
= 0.8.

Hence, after OD, her cognitive state is changed from ⟨O0
Alice, B

0
Alice⟩ to ⟨0.8, B0

Alice⟩.

4.2.2 Belief revision

In the belief revision process (BR), agents update their beliefs using the current beliefs of their
concordant neighbors. Here, one of the operators in BRG [57] and in particular the operation R
(Equation 3.4) is used as this is a simple model. Thus, BR is defined as:

BR(⟨Oa, Ba⟩) = ⟨Oa, R(Ba, Ba1 , . . . , Ban)⟩ (4.2)

such that Cta = {a1, . . . , an}.
Here, beliefs are represented as a single propositional formula. This is because it is the simplest

among the logical formulae (including formulae in first-order logic or in modal logics) and the pro-
cess of revising such beliefs is defined constructively. Especially, simplicity is the most important
because this model is built to perform experiments.

However, this propositional approach restricts the interpretation of “reinforcement” in the three
features of echo chambers. For example, as discussed in Section 3.2, “reinforcement”, one of the
characteristics of echo chambers, can be tested by checking whether agents consider that everyone’s
beliefs are the same as theirs. More expressive logics than the propositional one that allows us to
represent the ‘second-order’ beliefs are required to perform such tests.
Example 4 (belief revision). Consider again agents in Example 1. If Alice performs BR, since
C0

Alice = {Bob} (Example 2), her beliefs after performing BR are

R(B0
Alice, B

0
Bob) = {p→ (q ∧ ¬r)},

or (p∧ q ∧¬r)∨ (¬p∧ q ∧ r)∨ (¬p∧ q ∧¬r)∨ (¬p∧¬q ∧ r)∨ (¬p∧¬q ∧¬r) in FDNF. Hence,
after BR, her cognitive state is changed from ⟨O0

Alice, B
0
Alice⟩ to ⟨O0

Alice, {p→ (q ∧ ¬r)}⟩.
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4.2.3 How to obtain the existing models

Our model is a generalization of the existing models [55, 57]. The existing opinion dynamics
model [55] can be obtained from the model by setting δ = |M(⊤)| and performing OD because
beliefs are not taken into account when obtaining Cta. Similarly, setting ε = 1 and performing BR
corresponds to the existing belief revision model [57].

4.3 Synchronization

After propagation, agents’ opinions and beliefs may not correspond to each other. This loss of
coherence may be uncomfortable for agents as they may not be able to justify their opinions from
their beliefs. For example, if an agent believes that constructing tram lines lead to increase taxes
and it regards higher taxes as bad, it cannot have positive opinions toward the construction because
opinions do not support beliefs and vice versa.

In order to restore coherence (or ‘epistemic rationality’ in [62]), two synchronization operations
are defined: opinion formation from beliefs (OF , Section 4.3.2) and belief alignments with opinions
(BA, Section 4.3.3). Because opinions and beliefs are not direct translations of each others, these
operations are based on the values that agents may hold (Section 4.3.1).

4.3.1 Values

Values (or cultural values) help agents to determine whether something is ‘good’ or ‘bad’ [56, 46].
They are used here to determine preferences between different possible states of the world. This is
rendered as a map V from interpretations in M(⊤) to real numbers between 0 and 1. Intuitively,
the values toward an interpretation I is close to 0 (resp. 1), if the agent considers I as bad (resp.
good). For example, Table 4.1 represents values V which consider worlds consistent with p, then
q, then r, as good. These may express preferences between ‘reducing traffic jams’ and ‘reducing
taxes’ in Example 1.

Such values can be defined based on the strict total order< over P (r < q < p in the Table 4.1).
Here, the order < works as a preference order over P . Then, the strict total order ≪ over M(⊤) is
defined with < as follows:

m≪ m′ ⇐⇒ ∃p ∈ P,

{
∀q ∈ P s.t. p < q,m(q) = m′(q)

m(p) = f ∧m′(p) = t

with m(p) = t if m |= p and m(p) = f otherwise. Then, values V can be defined as:

V (m) =
|{m′ ∈ M(⊤);m′ ≪ m}|

|M(⊤)| − 1
.

This approach enables us to focus on the preferences between atoms. This is useful because this is
simpler and easier than considering ≪ directly, especially when experiments are designed so that
they represent specific situations. This can help us to interpret the results with respect to the values.

However, one of the backwards of this definition is that it forces for the interval between values
of a model and its successor to remain constant (1/(M(⊤)− 1)). This prevents us from testing the
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Table 4.1: A score V is provided to each Boolean assignment of three atoms.

model m1 m2 m3 m4 m5 m6 m7 m8

p t t t t f f f f
q t t f f t t f f
r t f t f t f t f

V 7
7

6
7

5
7

4
7

3
7

2
7

1
7

0
7

Table 4.2: One example of scoring V ′ with atoms with different importance (p is very important
but the effect of q and r is very tiny).

p t t t t f f f f
q t t f f t t f f
r t f t f t f t f

V 100
100

99
100

98
100

97
100

3
100

2
100

1
100

0
100

effect of the importance of the atoms on the final opinions/beliefs or echo chambers. For example,
if the agents consider that the environment with p and ¬p is extremely good and bad for them,
respectively, the values V ′ may be defined as Table 4.2. The two values V ′ and V share the same
preference order (≪) between interpretations. Here, if m |= p, then V ′(m) is very close to 1 and
if otherwise, V ′(m) is very close to 0; the effect of other atoms q and r is tiny compared to the
effect of p. Freezing the interval does not allow to use such values and thus prevents us from testing
whether all agents can agree (in the sense of BFN [59]) that p is true.

Such values allow agents to form their opinions from beliefs and vice versa as discussed here-
after.

4.3.2 Opinion formation

In the opinion formation process, an agent revises its opinions based on its beliefs. It consists first
in generating an opinion from the current beliefs (ϕ is the topic on which to form an opinion):

v(B) =

∑
m∈M(R(B,ϕ)) V (m)

|M(R(B,ϕ))|
. (4.3)

This means that an agent forms its opinion about the topic ϕ from its beliefs B based on how
valuable the models of the revision of B by ϕ, i.e., the state when ϕ becomes true from B, are. Note
that the divisor of v(B) is never 0 since R returns consistent beliefs [57].

Based on the function v defined above, the coherence of a cognitive state can be defined for-
mally: opinions O and beliefs B are coherent if O = v(B).

The generated opinion is then aggregated to the agent’s current opinion. The function OF is
thus defined as:

OF (⟨Oa, Ba⟩) = ⟨αOa + (1− α)× v(Ba), Ba⟩ (4.4)
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with α ∈ [0, 1] controlling the inertia to the changing process. This process is a simple way that
allows us to control the willingness to changing opinions. However, this process is not idempotent
if α ∈ ]0, 1[.

The function v may be defined in a different way:

v′(B) =

{∑
m∈M(B∧ϕ) V (m)

|M(B∧ϕ)| if B and ϕ are consistent,

0 otherwise.

In fact, v and v′ are equivalent if B and ϕ are consistent since R(B,ϕ) ≡ B ∧ ϕ in this case [57].
However, v′ is not used in this thesis instead of v because v′ always returns 0 if ϕ and B are
inconsistent. If v is used, opinions which are larger than 0 can always obtained in general, and thus
it is possible to analyze the process of evolution of agents’ opinions in more details.
Example 5 (opinion formation). Consider Alice after performing BR in Example 4. Now her
cognitive state is ⟨1.0, {p → (q ∧ ¬r)}⟩. To adapt her opinions towards the topic ϕ = p from her
new beliefs, she first revises her current beliefs by ϕ: R(p→ (q∧¬r), ϕ) = p∧q∧¬r. Assume that
her values V are those defined in Table 4.1, she can compute the mean of the values V (m) where
m ∈ M(R(p→ (q ∧ ¬r), ϕ)), hence v(p→ (q ∧ ¬r)) = 6

7 . Based on this beliefs-based opinions,
with α = 0.5, she obtains her new opinions by:

α · 1.0 + (1− α) · 6
7
=

13

14
≈ 0.93.

Hence, her new cognitive state after aligning opinions and beliefs by OF is ⟨1314 , {p→ (q ∧ ¬r)}.

4.3.3 Belief alignment

In the belief alignment process, agents revise their beliefs based on their opinions. This is achieved
by filtering beliefs in two steps. First, agents select the beliefs which minimize the distance between
their current opinions Ota and the opinions based on beliefs from the function v of Equation 4.3.
Second, agents adopt those beliefs which minimize the distance between their current beliefs Bt

a

and the beliefs selected in the previous step. This step is introduced to reduce the randomness of
this process.

Thus, the function BA is defined as:

BA(⟨Oa, Ba⟩) = ⟨Oa, argmin
B∈LP (Oa)

dB(B,Ba)⟩ (4.5)

such that
LP (O) = argmin

B∈FDNF∗(LP )
dO(O, v(B))

and FDNF∗(LP ) is the set of consistent FDNF formulae. This is because the belief merging op-
erator R is not defined for inconsistent beliefs, hence v is also not defined in this case. If several
beliefs minimize dB(B,Ba) in Equation 4.5, the aligned result is chosen randomly among them.
Example 6 (belief alignment). Consider Alice after performingOD (Example 3) with the cognitive
state ⟨0.8, {p → q}⟩. When she performs belief alignment, she first computes the set of beliefs that
yield coherent and the closest opinions to the current one, i.e., LP (0.8). Here, the set is:

LP (0.8) = {B ∈ LP ;m1 |= B,m2 |= B,m3 ̸|= B,m4 |= B}
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where m1, m2, m3, and m4 are defined in Table 4.1. Then, she chooses the closest beliefs to her
current one among LP (0.8). In this case, {(p ∧ r) → q} or

(p∧q∧r)∨(p∧q∧¬r)∨(p ∧ ¬q ∧ ¬r)∨(¬p∧q∧r)∨(¬p∧q∧¬r)∨(¬p∧¬q∧r)∨(¬p∧¬q∧¬r)

in FDNF minimizes the distance to {p → q} as the distance is 1 (the underlined disjunct is the
difference). Hence, her new cognitive state is ⟨0.8, {(p ∧ r) → q}⟩.

4.4 Protocol

The processes to update agents’ cognitive states are defined in the previous sections. In this section,
how agents behave in each interactions including the update of their states is introduced. These
processes are adapted from [55] (see Section 3.4).

At time t, the set At ⊆ A of activated agents is determined by drawing agents in A with
probability pactivate. Each non-active agent (a /∈ At) does nothing at time t; active agents will update
their opinions and beliefs, and possibly their set of neighbors.

Four experimental processes are distinguished to test the questions in Chapter 2: (odonly) (resp.
(bronly)) only performs opinion dynamics (resp. belief revision); (both) performs both operations
and (coherence) applies, in addition, opinion formation and belief alignment to synchronize them:

⟨Ota, Bt
a⟩ = OD(⟨Ot−1

a , Bt−1
a ⟩), (odonly)

⟨Ota, Bt
a⟩ = BR(⟨Ot−1

a , Bt−1
a ⟩), (bronly)

⟨Ota, Bt
a⟩ = BR(OD(⟨Ot−1

a , Bt−1
a ⟩), (both)

⟨Ota, Bt
a⟩ = OF (BR(BA(OD(⟨Ot−1

a , Bt−1
a ⟩))). (coherence)

All functions are executed synchronously among the set of active agents. For example, if agents
follow the process (both), agents revise beliefs based on their beliefs after performing OD.

After the cognitive states are updated, as in [55], with the probability prewire, agent a ∈ At tries
to modify its set of neighbors. This process is based on an order ≺t

a over A which is defined based
on the distance between agents’ internal states. Since such states contain opinions and beliefs, four
kinds of such order a′ ≺t

a a
′′ defined as below are considered:

dO(O
t
a, O

t
a′) < dO(O

t
a, O

t
a′′) (oponly)

dB(B
t
a, B

t
a′) < dB(B

t
a, B

t
a′′) (belonly){

dO(O
t
a, O

t
a′) < dO(O

t
a, O

t
a′′), or

dO(O
t
a, O

t
a′) = dO(O

t
a, O

t
a′′) ∧ dB(Bt

a, B
t
a′) < dB(B

t
a, B

t
a′′)

(opbel){
dB(B

t
a, B

t
a′) < dB(B

t
a, B

t
a′′), or

dB(B
t
a, B

t
a′) = dB(B

t
a, B

t
a′′) ∧ dO(Ota, Ota′) < dO(O

t
a, O

t
a′′)

(belop)

In other words, Equation (opbel) and Equation (belop) are the lexicographical orders considering
opinions and then beliefs, and beliefs and then opinions, respectively.
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Firstly, a chooses randomly one agent among its neighbors a′ which is maximal with respect to
≺t
a:

a′ = argmax
≺t

a

N t−1
a .

Secondly, a chooses randomly one agent a′′ ∈ A \ (N t−1
a ∪ {a}) among the non-connected agents

which are minimal with respect to ≺t
a:

a′′ = argmin
≺t

a

A \ (N t−1
a ∪ {a}).

Then, a updates its set of neighbors if excluding a′ from it and including a′′ to it helps it to reduce
the distances among its neighbors:

N t
a =

{
(N t−1

a \ {a′}) ∪ {a′′} if a′′ ≺t
a a

′,
N t−1
a otherwise.

Note that for each a ∈ A, the size of N t
a remains constant over t. If there are several minimal or

maximal elements with respect to ≺t
a, one of them are selected randomly.

This rewiring algorithm is similar to the recommendation algorithm (i.e., choosing one concor-
dant agents among A \ (N t−1

a ∪ {a})) in [55]. However, in the algorithm, a′′ is not necessarily
concordant to a. This allows agents to make their neighbors’ opinions and beliefs as close to theirs
as possible even if no agents except for themselves are concordant. Moreover, in the recommenda-
tion algorithm in [55], the opinions of a′′ are not necessarily the closest to those of a, while (oponly)
and (opbel) enforce this.
Example 7 (network rewiring). Assume that Alice performs network rewiring after performingOD
and BA in this order and only Alice is activated. Recall that Alice’s, Bob’s, Celia’s, and David’s
cognitive states are now ⟨0.8, {(p ∧ r) → q}⟩ (see Example 6), ⟨0.6, {p→ ¬r}⟩, ⟨0.4, {r → ¬p}⟩,
and ⟨0.5, {(p ∧ q) ∨ (¬p ∧ r)}⟩ (see Example 1), respectively. If Alice uses the order ≺0

Alice defined
as Equation (opbel), a′ = Celia because the distance between Alice’s and Bob’s opinions is smaller
than it from Alice to Celia. Moreover, a′′ = David as A \ (N0

Alice ∪ {Alice}) = {David}. Finally,
David ≺0

Alice Celia as David has closer opinions to Alice than Celia. Hence, in this case, Alice
unfollows Celia and follows David instead of Celia. This means that she changes the set of her
neighbors by:

N1
Alice = {Bob,Celia} \ {Celia} ∪ {David} = {Bob,David}.

The network after this rewiring is shown in Figure 2.1 (right).

4.5 Conclusion

In this chapter, the model (visualized as Figure 4.1) which clearly distinguishes opinions from be-
liefs is defined (Section 4.1). In this model, agents propagate their opinions (Equation 4.1) and
beliefs (Equation 4.2). Moreover, they can restore the coherence between their opinions and beliefs
through the values they have (Equation 4.4 and Equation 4.5).

In the next chapter, the hypotheses based on the questions in Chapter 2, new measures to capture
echo chambers, and the experimental plan to test the hypotheses with the measures are explained.
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Chapter 5

Experimental plan

In the previous chapter, the model with the dual propagation of opinions and beliefs is defined. In
this chapter, the experimental plan to answer questions raised in Chapter 2 is introduced. More
specifically, in Section 5.1, the hypotheses which correspond to the questions are stated. In Sec-
tion 5.2, new measures to capture echo chambers following their definition are introduced (Sec-
tion 3.2). Then, in Section 5.3, how the parameters are set for each experiment is shown. In
Section 5.4, the hypotheses are reformulated with the measures. Finally, how the simulator used to
perform the experiments is implemented is described in Section 5.5.

5.1 Hypotheses

To answer the questions that were raised at the end of the Chapter 2 within the framework, four
hypotheses are considered.

First, the protocol is based on updates of opinions and beliefs based on bounded confidence
models and network rewiring. In the previous work, it is shown that protocols which contain both
creates echo chambers [55]. Because of this, it is expected that echo chambers can be observed in
the proposed model if opinions are updated independently of beliefs. Thus, the first hypothesis is:

H0 If opinions evolve independently of beliefs, opinion echo chambers should arise.

Using a similar procedure, it is expected that, the same will occur to beliefs. Thus, the second
hypothesis is:

H1 If beliefs evolve independently of opinions, belief echo chambers should arise.

Next, if agents evolve their opinions and beliefs without synchronizing them, it is expected
that agents will form more echo chambers than before. It is observed that less tolerant agents will
form more polarized opinions in the context of opinion dynamics [55, 26]. Here, the condition to
filter neighbors (i.e., dO(O,O′) ≤ ε ∧ dB(B,B′) ≤ δ which appears in the definition of Cta; see
Equation 3.3) is as strict as or more strict than the condition dO(O,O′) ≤ ε or dB(B,B′) ≤ δ since
this considers opinions and beliefs. Thus, the third hypothesis is:

H2 Considering opinions and beliefs when agents filter their neighbors creates more echo cham-
bers than considering opinions or beliefs.
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Finally, keeping opinions and beliefs coherent is expected to tighten the links between them
and to induce more echo chambers than without keeping the coherence. This is because this helps
agents to resist adopting their opinions and beliefs to opinions and beliefs from other agents. In
other word, it is expected that coherent cognitive states work as attractors of agents’ opinions and
beliefs, hence agents’ final states are discretized. This helps agents to connect to others who already
have enough similar cognitive states before opinions and beliefs are fused through the interactions.
Thus, the final hypothesis is:

H3 Connecting opinions and beliefs and keeping them coherent increases the number of echo
chambers.

These hypothesis H0 to H3 correspond to the questions (Q1) to (Q4) in Chapter 2, respectively.

5.2 Measures

To test the hypotheses presented in the previous section, it is necessary to identify echo chambers.
Different measures from those of [55] are used (hence the importance of H0). In [55], the

emergence of echo chambers is shown visually using plots of the evolution of message diversity,
agents’ opinions, and the network of agents over time. These measures cover the three requirements
of echo chambers introduced in Section 3.2. However, these plots are generated from the results
of one single experiment. While it is possible to aggregate the opinion diversity in such plots by
computing their mean, this is impossible for the other two measures. Thus, in this thesis their
measures are not used.

In the same paper, the effects of ε on the number of final opinion peaks and final opinion distance
are presented based on 20 experiments which share the same parameters. These measures show how
opinions are polarized and the network segregated. Although polarization may be thought of as a
way to measure homogeneity, reinforcement is ignored, so this should not allow us to conclude on
echo chambers.

As discussed in Section 3.2, other typical measures used in literature are not necessarily based on
the characteristics of echo chambers. Hence, new measures are introduced and it is tested whether
our measure can allow us to reach the same conclusion as existing work.

The way to identify echo chambers is to partition the network into groups and to count those
satisfying the properties of homogeneity, segregation and reinforcement. Of course, it is not prac-
ticable to test all partitions, the measures are based on strongly connected components to identify
echo chambers. Basing measurements on strongly connected components makes sense because: (1)
echo chambers are expected to be connected, (2) they are maximal, and (3) reinforcement is usually
obtained through feedback, which can be obtained in a strongly connected component. Moreover,
strongly connected components can be obtained deterministically and basing on strongly connected
components is a simpler way than recently proposed community detection algorithms (see [39]
for example). Hereafter, components denote strongly connected components. Let St be the set of
components.

Other ways of defining components (in the sense the groups of agents in Gt) are possible. For
example, defining components based on modularity [23] is a common way to identify communi-
ties. This algorithm is not used in this thesis because it is based on undirected network, while
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the network Gt agents form is directed. Yet the undirected one based on it can be obtained by
⟨A,N t ∪{⟨a′, a⟩; ⟨a, a′⟩ ∈ N t}⟩, this loses the information about the direction of the edges. More-
over, the novelty of the measures proposed here is not the introduction of strongly connected com-
ponents. It is to count the number of components with the three features of echo chambers.

5.2.1 Segregation

To assess how segregated the network is, the ratio of the edges whose sources are in a component
C and whose targets 1 are not in C to the edges whose sources are in C is computed:

Lt(C) =
|{⟨a, a′⟩ ∈ N t; a ∈ C ∧ a′ /∈ C}|

|{⟨a, a′⟩ ∈ N t; a ∈ C}|
.

Hence, the lower this measure, the more segregated the network.

5.2.2 Homogeneity

To assess how homogeneous agents in a component C ∈ St are, the maximal distance between
opinions (resp. beliefs) of agents which belong to the component is measured:

M t
O(C) = max

a,a′∈C
dO(O

t
a, O

t
a′),

M t
B(C) = max

a,a′∈C
dB(B

t
a, B

t
a′).

The lower these measures, the more homogeneous the component. The homogeneity is not mea-
sured in edge level by computing the difference of opinions and beliefs of a and a′ where ⟨a, a′⟩ ∈
N t because community level homogeneity defined above is stronger than edge level ones.

5.2.3 Reinforcement

To assess if a component C satisfies reinforcement, whether its homogeneity measure (maximal
distance between agents’ opinions or beliefs) decreases during its lifespan is tested. Let [tC , t] be
the maximal window during which a component C ∈ St exists, then, the measure is defined as:

Dt
O(C) ≡ ∀s ∈ [tC , t[,M

s
O(C) ≥M s+1

O (C)

Dt
B(C) ≡ ∀s ∈ [tC , t[,M

s
B(C) ≥M s+1

B (C)

If different systems are used to represent opinions or beliefs, other tests can be possible. For exam-
ple, if beliefs were represented in multi-agent dynamic doxastic logic, it is possible to test whether
each agent believes that everyone has the same beliefs as its beliefs to conclude that agents’ beliefs
are reinforced.

1For an edge e = ⟨a, a′⟩ ∈ N t, a and a′ are the source and the target of e, respectively.
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5.2.4 Echo chambers

Based on the above measures, the number of echo chambers at time t can be computed as those
components that are segregated and whose opinions and beliefs are homogeneous and reinforcing:

eot = |{C ∈ St;

segregation︷ ︸︸ ︷
Lt(C) ≤ θ ∧

homogeneity︷ ︸︸ ︷
M t
O(C) ≤ 10−3 ∧

reinforcement︷ ︸︸ ︷
Dt
O(C)}|,

ebt = |{C ∈ St;Lt(C) ≤ θ ∧ M t
B(C) = 0 ∧ Dt

B(C)}|,

such that θ ∈ ]0, 1[. The measures are made independent of ε and δ, which vary in experiments,
by choosing more strict thresholds used to test the homogeneity (10−3 and 0). In the following,
θ = 0.5 is used. Here, Lt(C) ≤ 0.5 is equivalent to the situation in which there are more edges
whose sources and targets are in C than edges whose targets are not included in C. Note that this
automatically disqualifies singleton (components C such that |C| = 1) as echo chambers. This is
because such components {a} do not satisfy the segregation property since Lt({a}) = 1 > θ. In
complement, the proportion of agents involved in echo chambers is computed.

5.3 Parameters

In order to test each of the four hypotheses of Section 5.1, six experiments under specific experi-
mental conditions described hereafter are performed.

P is freezed to {p, q, r} considering the diversity of beliefs and computational cost. In addition,
the topic ϕ is always {p} to allow us to interpret the results easily by assigning the meaning of
each atom. Moreover, |A| and |N0| are freezed to 100 and 400 to follow the same conditions as
those of [55]. In addition, pactive = prewire = 0.5 and µ = 0.5 to perform experiments under the
same conditions as the experiments used to generate Figure 3 in [55]. The number of interactions is
always T = 3000.

α, the parameter in OF (Section 4.3.2), is set to 0.5 so that the effect of an agent’s beliefs on
its opinions is the same as the effect of other agents’ opinions on it. Finally, the values V presented
in Table 4.1 are always used. For the sake of simplicity, it is assumed that V is shared among the
agents and does not change over time.

The initial state is generated by drawing randomly |N0| edges among |A| agents, so that each
agent has at least one neighbor. Agents are assigned random beliefs and opinions. To control the
randomness of both the initial network and the propagation process, 20 different seeds are used.
Before starting interacting with each other, all agents perform BA ◦ OF until their opinions and
beliefs become stable, i.e., each agent’s beliefs do not change and the difference between opinions
before and after the operation is less than or equal to 10−5. Hence, agents are in a coherent state at
the beginning.

δ is taken from the set {1, 2, . . . , |M(⊤)|} = {1, 2, . . . , 8} (since |P | = 3). ε is taken from the
set {0.05, 0.1, . . . , 0.5} so that the experiments correspond to those performed in [55]. Table 5.1
shows how each controlled parameter is set in each setting.

Hence, there are
10︸︷︷︸
ε

× 20︸︷︷︸
seed

= 200
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Table 5.1: Configuration of the parameters.

Setting protocol ε δ ≺t
a

S0 (odonly) {0.05, 0.1, . . . , 0.5} 8 (oponly)
S1 (bronly) 1 {1, 2, . . . , 7} (belonly)
S2 (both) {0.05, 0.1, . . . , 0.5} {1, 2, . . . , 7} (opbel)
S3 (both) {0.05, 0.1, . . . , 0.5} {1, 2, . . . , 7} (belop)
S4 (coherence) {0.05, 0.1, . . . , 0.5} {1, 2, . . . , 7} (opbel)
S5 (coherence) {0.05, 0.1, . . . , 0.5} {1, 2, . . . , 7} (belop)

experiments in S0,
7︸︷︷︸
δ

× 20︸︷︷︸
seed

= 140

experiments in S1, and
10︸︷︷︸
ε

× 7︸︷︷︸
δ

× 20︸︷︷︸
seed

= 1400

experiments in other settings.

5.4 Hypotheses revisited

With the measures and settings defined above, the hypotheses stated in Section 5.1 can be tested as
follows:

Test T0 for H0 eoTS0 > 0.

Test T1 for H1 ebTS1 > 0.

Test T2 for H2 eoTS2 > eoTS0 and ebTS3 > ebTS1.

Test T3 for H3 eoTS4 > eoTS2 and ebTS5 > ebTS3.

Here, eoTX and ebTX mean the measure eoT and ebT obtained from the experiment with setting X .
As a complement, the effect of changing the binary relation ≺t

a over A is investigated. This can be
achieved by comparing the results from S2 and S3, and S4 and S5.

Hence, the correspondence between hypotheses H2 and hypotheses H3 and experiments used
to test them is visualized as Figure 5.1.

5.5 Implementation of the simulator

A software environment, called SOBA [11], is implemented to perform the experiments. In the
simulator, each opinion is represented as a number and each belief is represented as the string that
corresponds to the set of its models, not its syntax. For example, the beliefs B = {¬p ∧ q} with
P = {p, q, r} is represented as 00001100, where the i-th character from the left shows whether
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Fig. 5.1: The correspondence between hypotheses and experiments used to test them. ‘CO’ refers
complementary analysis.

S0

S1

S2

S3

S4

S5

H2

H2

CO

H3

H3

CO

mi in Table 4.1 satisfies the beliefs or not (1 ifmi |= B and 0 otherwise). This is a simple and direct
representation of beliefs in FDNF presented in Section 3.1. Moreover, this allows us to reduce the
duration of simulations because this approach can avoid converting a concrete syntax of beliefs to
their models and vice versa.

5.6 Conclusion

In this chapter, (1) the hypotheses (Section 5.1), (2) the measures (eot and ebt, Section 5.2), (3)
how to set parameters (Section 5.3), and (4) how to test each hypothesis using the measures (Sec-
tion 5.4) are introduced. Moreover, the implementation of the SOBA simulator [11] is also described
(Section 5.5). Hence, what is required to perform experiments is described so far.

In the next chapter, the results from the experiments are presented and whether the hypotheses
are supported is discussed.
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Chapter 6

Results and discussions

In this chapter, the results from the six experiments (Table 5.1) are presented. The results corre-
sponding to the hypotheses H0, H1, H2, and H3 are presented in Section 6.1, Section 6.2, Sec-
tion 6.3, and Section 6.4, respectively. Finally, the obtained results are compared with other results
reported in [3] briefly in Section 6.5 before concluding (Section 6.6).

This chapter contains several plots from the experiments. The colors of the nodes in the visual-
izations correspond to opinions or beliefs (depending on the plots). The same color shows the same
opinions or beliefs. When the nodes are colored with respect to opinions, the colors blue, purple,
and red correspond to the opinions 0, 0.5, and 1, respectively. Moreover, the directed edge ⟨a, a′⟩
means that a′ ∈ Na.

6.1 Hypothesis H0

In each simulation with S0, eoT > 0, i.e., at least one echo chamber is created. Thus, the results
support Hypothesis H0. This result coincides with what is reported in the field of opinion dynamics
and in particular in [55]. However, there are no experiments such that agents form single echo
chambers and other components are singletons. The plots corresponding to Figure 3 in [55] are
shown in Figure 6.1. The same tendency as it can be observed.

Figure 6.2 (left plot, solid green curve) shows the decrease of echo chambers with the increase
of tolerance (higher ε). Hence, although a stronger measure is applied, results confirm those of [55].

Figure 6.3(a) (the initial network) and Figure 6.3(c) (the final network) shows what happens on
a specific case. In the initial network, there are one large component and four singletons. After
agents’ interactions, there are 7 weakly connected components (WCCs) and each WCC contains
some components. Note that different echo chambers can share the same (or quite similar) opinions.
For example, agents in the two echo chambers at the bottom of the plot of the final network share
the opinion 0.4378.
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Fig. 6.1: Evolution of agents’ opinions and the network. These plots correspond to Figure 3 in [55].
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(a) Effect of ε on eoT . More tolerant agents and con-
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Fig. 6.2: Effect of thresholds (ε and δ) on the number of echo chambers.
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(a) The initial network (colored with
opinions)

(b) The initial network (colored with be-
liefs)

(c) Final network from setting S0 (col-
ored with opinions)

(d) Final network from setting S1 (col-
ored with beliefs)

Fig. 6.3: Networks at T from experiments in settings S0 and S1, and using ε = 0.2, δ = 2, and the
same seed.

6.2 Hypothesis H1

In each simulation with S1, ebT > 0. These results show that belief echo chambers are observed.
Thus, Hypothesis H1 is supported.

Similarly as for opinions, Figure 6.2 (right plot, solid orange curve) shows the decrease of echo
chambers with the increase of tolerance (higher δ).

Figure 6.3(b) (the initial network) and Figure 6.3(d) (the final network) shows the network
scattered into less echo chambers compared to the setting S0 (Figure 6.3(c)). However, beliefs
are more diverse in the society: there are seven different beliefs which are shared in beliefs echo
chambers, while there are (roughly) only three different opinions in S0.
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Table 6.1: Results of the pairwise compari-
son on the measure eoT between S0 and S2.

condition #simulations

eoTS0 > eoTS2 684 (48.9%)
eoTS0 = eoTS2 385 (27.5%)
eoTS0 < eoTS2 331 (23.6%)

Table 6.2: Results of the pairwise compari-
son on the measure ebT between S1 and S3.

condition #simulations

ebTS1 > ebTS3 9 (0.6%)
ebTS1 = ebTS3 5 (0.4%)
ebTS1 < ebTS3 1386 (99.0%)

6.3 Hypothesis H2

To investigate the effect of evolving opinions and beliefs together without synchronizing them on
opinions (resp. beliefs) echo chambers, the results from S0 and S2 (resp. from S1 and S3) are
compared.

The effect on opinions echo chambers Table 6.1 shows the results of pairwise comparisons
between eoTS0 and eoTS2. It shows that there are no direct relations between them. Moreover, in (684+
385 =)1069 simulations out of 1400, eoT does not increase by evolving them together. Figure 6.2(a)
shows that on average, eoTS2 (in blue dotted line) is smaller than eoTS0 (in green solid line). This means
that evolving opinions and beliefs can reduce the number of opinions echo chambers. Hence, these
results do not support the hypothesis.

The effect on beliefs echo chambers Table 6.2 shows the results of pairwise comparisons be-
tween ebTS1 and ebTS3. It shows that in all experiments except for (9 + 5 =)14 out of 1400, evolving
them together creates more beliefs echo chambers. Moreover, Figure 6.2(b) shows on average, ebTS3
(in blue dotted line) is larger than ebTS1 (orange solid line). This means that evolving opinions and
beliefs at the same time makes more beliefs echo chambers. These results support the hypothesis.

Figure 6.4 shows the final networks in setting S2 and S3. It shows that opinions echo cham-
bers and beliefs echo chambers do not necessarily coincide. For example, the component C in
Figure 6.4(a) and Figure 6.4(b) is an opinions echo chamber while is not a beliefs echo chamber.

Complement analysis As a complement, the effect of changing the binary relation over A (i.e.,
≺t
a) is tested. From the results of the pairwise comparisons (Table 6.3 and Table 6.4), there are no

direct relations between them. Moreover, from the statistical tests (the Wilcoxon signed-rank test
with the significance threshold 0.01; the obtained data is not normal in general), the distribution of
eoT and ebT can be different if ε or δ are small. For example, if δ ∈ {1, 2}, the distribution of ebT

differs depending on ≺t
a regardless of ε. However, the obtained data does not show clear relations

between them.
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(b) Setting S2 (colored with beliefs)

(c) Setting S3 (colored with opinions) (d) Setting S3 (colored with beliefs)

Fig. 6.4: Networks at T from experiments in settings S2 and S3, and using ε = 0.2, δ = 2, and the
same seed as Figure 6.3.

Table 6.3: Results of the pairwise compari-
son on the measure eoT between S2 and S3.

condition #simulations

eoTS2 > eoTS3 471 (33.6%)
eoTS2 = eoTS3 274 (19.6%)
eoTS2 < eoTS3 655 (46.8%)

Table 6.4: Results of the pairwise compari-
son on the measure ebT between S2 and S3.

condition #simulations

ebTS2 > ebTS3 272 (19.4%)
ebTS2 = ebTS3 225 (16.1%)
ebTS2 < ebTS3 903 (64.5%)

31



Table 6.5: Results of the pairwise compari-
son on the measure eoT between S2 and S4.

condition #simulations

eoTS2 > eoTS4 1213 (86.6%)
eoTS2 = eoTS4 80 (5.7%)
eoTS2 < eoTS4 107 (7.6%)

Table 6.6: Results of the pairwise compari-
son on the measure eoT between S3 and S5.

condition #simulations

ebTS3 > ebTS5 1274 (91.0%)
ebTS3 = ebTS5 61 (4.4%)
ebTS3 < ebTS5 65 (4.6%)

6.4 Hypothesis H3

Finally, whether the hypothesis H3 is supported is tested.
First, the effect of synchronizing opinions and beliefs on opinions echo chambers is presented.

Table 6.5 shows the results of the pairwise comparisons of eoTS2 and eoTS4. It shows that in most of
the cases (86.6%, 1213 runs out of 1400), synchronizing opinions and beliefs makes less opinions
echo chambers. From the Figure 6.2(a), on average, such synchronization always makes less echo
chambers (eoTS2 and eoTS4 are shown in blue dotted line and red dashed line, respectively).

The same tendency can be observed for beliefs echo chambers, from Table 6.6 and Figure 6.2(b)
(ebTS3 and ebTS5 are shown in blue dotted line and red dashed line, respectively), such synchronization
creates less beliefs echo chambers.

These results do not support the hypothesis: synchronizing them allows agents to form less
opinions echo chambers and beliefs ones.

It is worth noting that on average, eoTS0 > eoTS4 regardless of ε in Figure 6.2(a). This tendency
can be observed in most of the cases if the two values are compared pairwise. This means that
exchanging opinions and beliefs and keeping coherence between them makes fewer opinions echo
chambers than just exchanging opinions following existing opinion dynamics models.

Figure 6.5 shows the different effects of S4 and S5: agents form less echo chambers than be-
fore (Figure 6.4). Note that opinions echo chambers and beliefs echo chambers do not necessarily
coincide: in some cases, agents in the same opinions echo chambers can have different opinions.
In fact, in 574 in S4 and 377 in S5 simulations out of 1400, eoT ̸= ebT . Note that even in these
settings with the synchronizations, opinions echo chambers and beliefs echo chambers do not nec-
essarily coincide. Hence, the proposed synchronization algorithms are not the best one: considering
AGM-style postulates for such algorithms would help to design alternative ones.

As a complement, eoT and ebT obtained from the settings S4 and S5 are compared. Table 6.7
and Table 6.8 show the results of pairwise comparisons. For eoT , there is no direct relations between
them. For ebT , in 960 simulations out of 1400, following Equation (belop) makes more beliefs echo
chambers. Strong relations between them are not observed in the statistical tests: in some cases
there are significant differences with respect to the significant threshold 0.01, while in some cases
the differences are not significant.

Note that these analyses so far are conducted by aggregating results by computing the mean. In
fact, as the results of the pairwise comparisons show, the results are not conclusive. This makes it
difficult to analyze how changing initial conditions affects the echo chambers. It is still required to
investigate how the final states including the number of echo chambers can be characterized by the
initial states to have more solid conclusions.

32



Table 6.7: Results of the pairwise compari-
son on the measure eoT between S4 and S5.

condition #simulations

eoTS4 > eoTS5 496 (35.4%)
eoTS4 = eoTS5 218 (15.6%)
eoTS4 < eoTS5 585 (49.0%)

Table 6.8: Results of the pairwise compari-
son on the measure ebT between S4 and S5.

condition #simulations

ebTS4 > ebTS5 261 (18.6%)
ebTS4 = ebTS5 179 (12.8%)
ebTS4 < ebTS5 960 (68.6%)

(a) Setting S4 (colored with opinions) (b) Setting S4 (colored with beliefs)

(c) Setting S5 (colored with opinions) (d) Setting S5 (colored with beliefs)

Fig. 6.5: Networks at T from experiments in settings S4 and S5, and using ε = 0.2, δ = 2, and the
same seed as Figure 6.3.
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Fig. 6.6: Effect of thresholds (ε and δ) on the number of echo chambers. These plots are obtained
by reanalyzing the results obtaied in [3].

6.5 Remark: comparisons with other results

The reported results so far do not coincide with other results reported in [3]. In [3], different rewiring
method is used: unfollwed agent a′ is one of the agents with different opinions or beliefs (i.e.,
a′ ∈ N t−1

a \Ct−1
a ) and followed agent a′′ is one of the non-neighbors (i.e., a′′ ∈ A\ ({a}∪N t−1

a )).
If such agents exist, in other word, ifN t−1

a \Ct−1
a andA\({a}∪N t−1

a ) are not empty,N t
a is obtained

by excluding a′ from N t−1
a and adding a′′ to it, i.e., N t

a = (N t−1
a \ {a′})∪{a′′}. Otherwise, the set

of neighbors is kept as is (N t
a = N t−1

a ). Other components of the proposed model and the measures
are the same as what is presented in this thesis. Moreover, the values of frozen and controlled
parameters are the same.

In these configurations, it is observed that keeping the coherence between opinions and beliefs
could create more echo chambers than without keeping it or without the dual propagation of opin-
ions and beliefs. In [3], there results are obtained using the same measures eoT

′
and ebT

′
as what

are introduced in Section 5.2 where T ′ = 5000. However, they are based on strongly connected
components that could be affected by the tiny modifications to the networks, while in some cases
the networks agents form never stabilizes because it is possible that for some agents, there could
be less concordant agents than their neighbors. Such constantly changing networks can change the
conclusions.

To reduce the effect of such infinity rewiring, the results obtained in [3] are reanalyzed using
the average number of opinions/beliefs echo chambers (meot and mebt, respectively) defined as:

meot =
1

W

t∑
t′=t−W+1

eot
′
, and mebt =

1

W

t∑
t′=t−W+1

ebt
′
,

where W = 25 is the width of time window during which eo and eb are computed. The effects of
ε and δ on meoT

′
and mebT

′
, respectively, are displayed in Figure 6.6. The figure shows the same

conclusions as [3]. Hence, the results reported in [3], i.e., the results obtained with the random
rewiring, contradict with what is reported in this thesis.
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These results suggest that how the network is modified also affects the formation of echo cham-
bers. The difference in the two rewiring methods is that how the candidates of unfollowed and
followed agents are selected: in [3] they are neither a itself nor a’s neighbors, while in this thesis
they are the minimal one among non-neighbors with respect to ≺t

a. Hence, this result suggests that
depending on the characteristics of the rewiring algorithms, agents can form less echo chambers,
which contradicts with what is reported in existing work (e.g., [55]). Investigating under which
condition(s) such results are obtained is left for future work.

6.6 Conclusion

In this chapter, results from the six experiments are presented. They can be summarized as follows:

Hypothesis H0 is supported;

Hypothesis H1 is supported;

Hypothesis H2 is supported on average for beliefs echo chambers and not supported for opinions
echo chambers;

Hypothesis H3 is not supported.

Moreover, changing the definition of ≺t
a (Equation opbel or Equation belop) does not affect the

results in general, while in some cases (e.g., ebTS2 and ebTS3 if δ ∈ {1, 2}, see Section 6.3) it affects
the final states. Finally, it is shown that depending on the rewiring algorithm, the number of echo
chambers can increase.

In the next chapter, the conclusions and future work are presented.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

In social networks, beliefs are propagated as well as opinions typically to justify them. However,
existing models do not take such beliefs into account. In order to test their influence on echo
chambers, a model in which agents exchange and update their opinions (resp. beliefs) using opinions
(resp. beliefs) from others by extending existing models [55, 57] is introduced. Moreover, agents
use their (cultural) values for maintaining the coherence between opinions and beliefs.

In addition, new measures (eot and ebt) are introduced to capture the definition of echo chambers
based on their definition [45]. They enable us to determine how many echo chambers are in the
network directly.

Experimental results show that agents always form echo chambers if they exchange and update
opinions only. The same can be observed for beliefs. Moreover, they also show that joining opinions
and beliefs updates generates less opinions echo chambers and more beliefs echo chambers on
average. In addition, synchronizing opinions and beliefs creates less echo chambers.

Hence, exchanging beliefs and opinions and keeping the coherence between them help to reduce
echo chambers from the viewpoint of opinions. However, from the standpoint of beliefs, only
synchronizing them allows this.

The raw results from the experiments and notebooks used to analyze them in settings S0, S1,
S2, S3, S4, and S5 can be retrieved from [4], [5], [6], [7], [8], and [9], respectively. The notebook
corresponding to the additional analysis is available at [10].

7.2 Future Work

In this thesis, only whether connecting opinions and beliefs contributes to create more echo cham-
bers is investigated. Other effects are not studied. For example, it can be asked whether agents
can create echo chambers more resilient to tiny modifications for edges (e.g., removing or adding
edges to the network agents form) or cognitive states (e.g., changing agents’ cognitive states inde-
pendently from the workflow). This can help us to find a way to ‘break’ echo chambers, i.e., make
some of the components do not satisfy the three features.

In addition, only the social aspect of opinion and belief propagation is considered: whether
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beliefs are true with respect to the environment is not modeled. This does not allow us to address
the problem of misinformation in social networks these days, because agents cannot determine
whether the beliefs they obtain from their neighbors are true in the proposed model: to achieve this,
it is required to compare such beliefs with what is true in the environment. Moreover, this prevents
us from investigating how opinions associated to beliefs accelerate the spread of misinformation.
Hence, it is worth asking whether keeping the coherence between opinions and beliefs contributes
to spread misinformation. This can be achieved by allowing some agents to observe (possibly some
of) the truth from the environment and revise their beliefs.
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