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Echo chamber, the state in which agents are split into groups sharing the same opinions, is a well-known phe-
nomenon in social networks. Opinion dynamics models have been proposed to explain how the phenomenon occurs
through agents revising their opinions. However, social network users also exchange beliefs supporting their opin-
ions. This has not been taken into account. In this paper, we extend an existing opinion dynamics model by
allowing agents to exchange and update both beliefs and opinions. The process of updating beliefs is described
based on the classical belief revision theory. Beliefs and opinions can influence each other guided by values that
agents share. We compare opinion propagation with respect to belief influence. Simulation results show that echo
chambers are reinforced by interactions between opinions and beliefs.

1. Introduction

Echo chamber is one of the well-known phenomena

in social networks. It refers to a state in which peo-

ple interact primarily with those who have similar opin-

ions [Mahmoudi 24], which lead them to believe that their

opinions are universally valid. Network segregation, which

means that the network is splited into less connected

communities, and opinion polarization, which means that

agents in the same community share the same opinions.

Opinion dynamics models have been applied to explain how

echo chambers are formed by aligning agents’ opinions with

those that they receive from others. For example, it is

shown that echo chambers raise through opinion updates

with ignoring different opinions and modification of the net-

work [Sasahara 20], similarly to existing social networks.

However, this model does not take into account the effect

of what agents believe. Hereafter, opinions and beliefs are

different: opinions of an agent denote how positive they are

toward corresponding topics while beliefs represent what it

considers as true. People exchange and revise not only their

opinions but also their beliefs through interactions. For

example, beliefs can be communicated to justify opinions:

“I have an opinion O toward ϕ because of my beliefs B”.

Some frameworks can be applied to express agents’ be-

liefs. For example, how to formalize the way beliefs should

be merged so that it satisfies some ideal characteristics is

studied in the field of belief revision [Schwind 15].

Based on the these observations, we introduce a model

defining interactions between opinions and beliefs. In this

model, opinions and belief are propagated through exist-

ing models [Sasahara 20, Schwind 15] and they interact to-

gether through a mechanism aiming at ensuring their co-

herence. Using the proposed model, we aim at showing

whether allowing agents to interact with others based on

beliefs leads to more polarized opinions and more segre-

gated network or not.

Multi-agent simulations of this model show the emergence
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of echo chambers when agents interact based solely on their

beliefs or their opinions. Moreover, agents’ final opinions

and beliefs are more polarized when opinions and beliefs

are allowed to interact.

The remainder of this paper is organized as follows. Sec-

tion 2 shows how agents behavior in the proposed model is

described in an intuitive scenario. Section 3 provides some

existing and relevant models to ours. In Section 4, we show

hypotheses we will verify in this paper. The proposed model

is defined in Section 5. Then, the experimental settings are

described in Section 6. Section 7 presents the results from

the experiments.

2. Intuitive Scenario

Before we introduce our model, we show an informal sce-

nario that describes how agents exchange their opinions

and beliefs in our model and how they form echo cham-

bers through the interactions.

Alice, Bob and Charles are discussing whether the city

they are living in should construct a tram network or not.

Alice is for the construction plan because she believes that

this would reduce traffic jams. On the other hand, Bob is

against the plan because he believes that this will lead to

raise taxes. Charles is strongly against the plan because he

believes that trams are not green transportation.

Their discussion starts from listening each other’s opin-

ion and beliefs. Whether a person take into account what

another explains or not depends on how close their opinions

and beliefs are. Here, assume that Bob and Alice have close

enough opinions and beliefs, while Alice ignores Charles be-

cause theirs are too different. Then, Alice listens to what

Bob explains and updates her opinion (i.e., how positive she

considers the topic) and beliefs (i.e., what she believes). For

example, she may become slightly more negative toward the

topic. Also, she may believe that if their city constructs the

tram network then there will be less traffic jams and higher

taxes.

If she considers higher tax as bad based on her values, or

at least worse than traffic jams, she will be more negative

about the topic. On the other hand, she may change her

1

kataoka@mas.cs.tsukuba.ac.jp
kataoka@mas.cs.tsukuba.ac.jp


beliefs about how much traffic jams will be reduced to better

support her new opinion.

Finally, Alice can decide to stop listening to Charles and

starts listening to someone else (David for example) instead.

If she decides to do so, when she updates her opinion and

beliefs next time, she will take Bob’s and David’s opinion

and beliefs into consideration.

If they continue interacting in this way, the four people

can be splited in two groups such that people listen to other

people in the same group but ignore someone in different

groups. People in the same group will share the same (or

enough similar) opinions and beliefs while what are shared

in different groups will be different. Such a state is called

as “echo chamber”.

Considering the story above, some questions can be

asked: if a large number of agents behave as described

above, what can be observed in the end? Agents who up-

date their opinions from the opinions of other agents which

are close to theirs will form echo chambers [Sasahara 20].

Does introducing beliefs help fighting against echo chambers

or does it reinforce them? Or, does it have no relation with

echo chambers and thus existing opinion dynamics models

are enough to capture the phenomenon?

3. State of the art

The analysis of such scenarios have been considered from

the standpoint of opinion dynamics and belief revision.

Thus, related models in these areas are introduced in this

section.

3.1 Opinion dynamics models and echo cham-
bers

Echo chambers in social networks describe a situation in

which each person interacts only with someone who have

opinions similar to theirs [Mahmoudi 24]. It is observed in

many online platforms [Cossard 20, Gao 23]. One of the

classical models that can be applied to it is the bounded

confidence models [Deffuant 00, Hegselmann 02]. Let Ot
a ∈

R be the opinion of the agent a at time t (t is omitted

if it is clear). In [Deffuant 00], two agents a and a′ revise

their opinions to get new ones if the difference between their

opinions, i.e., |Ot
a−Ot

a′ |, is equal to or less than a threshold

ε ∈ R. The updating rule can be described as:

Ot+1
a = Ot

a + µ(Ot
a′ −Ot

a),

Ot+1
a′ = Ot

a′ + µ(Ot
a −Ot

a′),

such that µ is a constant between 0 and 0.5 [Dong 18].

Based on this model, it is showed that low tolerance for

dissimilar opinions prevents agents’ opinions from converg-

ing.

Nowadays many opinion dynamics models have

been proposed to explain how echo chambers are

formed [Springsteen 24, Cinus 22, Ohagi 24]. A model

with opinion threshold, timelines, and network rewriting

has been proposed to model online social networks, and

particularly Facebook, realistically [Sasahara 20]. In this

model, each agent follows at least an other agent. Let A

be the set agents and Na ⊆ A be the set of agents followed

by agent a ∈ A. 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;

3. unfollow an agent a′ ∈ Na who sent a discordant post

and follow another agent a′′ ∈ A\ (Na∪{a}) if possible;
4. submit a new post or repost an existing one in a’s time-

line.

The steps 3 and 4 are executed probabilistically. It is ob-

served that the smaller the threshold, the more echo cham-

bers appear. Moreover, it is reported that unfollowing and

following accelerate their appearance.

Nagura and Akiyama [Nagura 25] show that the fewer

topics that are discussed by agents and the more impor-

tant they are, the more echo chambers they form using an

extension of the model proposed by [Sasahara 20].

3.2 Belief change
In the field of belief change, many operators describe how

to revise beliefs with others have been proposed. The belief

revision games (BRG) [Schwind 15] define some procedures,

similar to those of opinion dynamics, for merging. One of

the example of operators R∗1 defined in BRG merges n

beliefs B1, B2, . . . , Bn into new beliefs. It is defined as:

M(R(B1, B2, . . . , Bn)) = argmin
m∈M(⊤)

n∑
k=1

d(m,Bk) (1)

such that M(ϕ) is the set of models of ϕ and d(m,ϕ) is

the minimum number of assignment of true and false to

the atomic propositions which should be changed from it

in m to make ϕ as true. Because the postulate (IC3)

[Konieczny 02] is satisfied by R, the merging result is

syntax-independent [Schwind 15]. Moreover, R returns

consistent beliefs [Schwind 15]. In BRG, some properties

including stability of beliefs are showed theoretically.

BeliefFlow [Schwind 24] is another framework of belief

revision. It enables beliefs to be updated asynchronously.

In this framework, it is proven that agents reach a consensus

if the network they form is strongly connected.

The network knowledge base [Gallo 21] also considers

propagating knowledge through the exchange of literals.

One of its specific feature is the ability that agents have

to modify the agent network.

3.3 Models evolving opinions and beliefs
Very few models can be viewed as connecting opin-

ions and beliefs. For example, in belief systems with

logic constraints [Friedkin 16, Nedić 19], beliefs are repre-

sented as real values and updated using influence matri-

ces between statements which is the same updating rule as

[DeGroot 74]. Thus, beliefs in this context can be viewed

as opinions. Also, [Botan 19] uses opinions which are repre-

sented as boolean and updated using integrity constraints

∗1 This operator is equivalent to R3
∆dH,Σ in [Schwind 15]. In

this paper, this operator is expressed as R to make the notation
simpler because no other operators from BRG will be used.

2



which are usually discussed as logical formulae. Thus, opin-

ions in this context can be viewed as beliefs.

4. Hypotheses

To answer the question that is raised at the end of the

Section 2, we have three hypotheses.

First, the proposed model is defined based on the model

in [Sasahara 20]. Because of this, it is expected that the

model can reproduce their results, if opinions are updated

independently from beliefs. Thus, the first hypothesis is:

H0 If opinions evolve independently from beliefs, the less

strict agents are in selecting those to pay attention to

from opinions, i.e., the larger ε is, the closer the final

opinions are and the less opinions-based communities

agents form.

Next, it is expected that, using a similar procedure, the

same will occur to beliefs. Thus, the second hypothesis is:

H1 If beliefs evolve independently from opinions, the less

strict agents are in selecting those to pay attention to

from beliefs, i.e., the larger δ is, the closer the final

beliefs are and the less beliefs-based communities agents

form.

Finally, it is expected that agents will be ignored more easily

based on both of opinions and beliefs than based on either

opinions or beliefs independently. This can strengthen the

extent of echo chambers. Thus, the final hypothesis is:

H2 Connecting opinions and beliefs reinforce the polariza-

tion and segregation effects of echo chambers.

5. Theoretical framework: a model for
opinion and belief propagation and
integration

We propose a model in which opinions and beliefs are dis-

tinguished: opinions represent how positive an agent con-

siders a topic, while beliefs describe what it regards as true.

5.1 Preliminaries
Let A be the set of agents. Each agent a ∈ A has

its opinion Ot
a toward a topic ϕ and beliefs Bt

a at time

t. Opinions are represented as numbers between 0 and

1, i.e., Ot
a ∈ O = [0, 1] ⊆ R is the opinion space. Simi-

larly, beliefs are represented as propositional formulae, i.e.,

Bt
a ∈ LP such that LP is the set of propositional formulae

constructed from the set P of atoms. The topic ϕ is also

represented as a propositional formula, i.e., ϕ ∈ LP . Note

that we consider only one topic in this paper.

Each agent a ∈ A has a non empty set of neighbors N t
a ⊆

A \ {a} at time t. The directed network agents form at

time t can be denoted as Gt = (A,N t) such that N t =⋃
a∈A{(a, a

′); a′ ∈ N t
a}. Agents receive opinions and beliefs

from their neighbors only.

The distance between two opinions O and O′ is measured

by the absolute difference between their values:

dO(O,O′) = |O −O′|. (2)

neighbors

opinions

beliefs

values

BR

OD

OFBA

Figure 1: The four procedures ( BR , OD , OF , and BA )

for interactions between opinions and beliefs.

Similarly, the distance between two beliefs ϕ and ϕ′ is de-

fined as the hamming distance between their models:

dB(ϕ, ϕ
′) = |M(ϕ) \M(ϕ′)|+ |M(ϕ′) \M(ϕ)|. (3)

At each time t, each agent a can determine its concordant

neighbors Ct
a as those neighbors having close opinions and

beliefs by:

Ct
a = {a′ ∈ N t

a; dO(O
t
a, O

t
a′) ≤ ε ∧ dB(B

t
a, B

t
a′) ≤ δ}

such that ε ∈ [0, 1] and δ ∈ {0, 1, . . . , |M(⊤)|} are threshold

for opinions and beliefs, respectively.

Agents make their opinions and beliefs evolve with re-

spect to the four procedures ( OD , OF , BR , and BA )

visualized in Figure 1. They can be represented as func-

tions OD, OF , BR, and BA, respectively. These functions

map (O,B) ∈ O × LP to (O′, B′) ∈ O × LP which means

that the opinions O (resp. beliefs B) are updated to O′

(resp. B′) by the corresponding process. We separate these

in two types of function: belief and opinion propagation

(Section 5.2) and synchronization (Section 5.3).

5.2 Propagation
Agents can revise their opinions by taking other agents’

opinions into account: this has been described by classical

opinion dynamics models. Similarly, beliefs can be revised

based on others’ beliefs: this process is formalized by clas-

sical belief revision framework.

5.2.1 Opinion dynamics

In the opinion dynamics process ( OD ), agent a updates

its current opinions using the current opinions of concordant

neighbor a′ ∈ Ct
a. This process can be represented as the

function OD:

OD(Oa, Ba) = (O′
a, Ba) (4)

such that

O′
a =

µOa + (1− µ)×
∑

a′∈Ct
a

Oa′

|Ct
a|

(Ct
a ̸= ∅)

Oa (Ct
a = ∅)

and µ ∈ [0, 1]. This procedure corresponds to the opin-

ion updating process in [Sasahara 20] which is based on

[Deffuant 00].
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Table 1: Cultural values V1 and V2 in the case of three

atoms.

p q r V1 V2

t t t 7/7 0/7

t t f 6/7 1/7

t f t 5/7 2/7

t f f 4/7 3/7

f t t 3/7 4/7

f t f 2/7 5/7

f f t 1/7 6/7

f f f 0/7 7/7

5.2.2 Belief revision

In the belief revision process ( BR ), agent a updates its

beliefs using the current beliefs of concordant neighbor a′ ∈
Ct

a. This can be represented as the function BR with R

defined as Equation 1:

BR(Oa, Ba) = (Oa, R(Ba, Bx1 , . . . , Bxn)) (5)

such that Ct
a = {x1, . . . , xn}. This procedure corresponds

to the belief revision operation defined in [Schwind 15].

In the definition of Ct
a, setting δ to |M(⊤)| (resp. ε to 1)

means that agents do not consider beliefs (resp. opinions)

to filter their neighbors. Thus, setting δ = |M(⊤)| (resp.
ε = 1) and performing OD (resp. BR ) corresponds to

existing model [Deffuant 00] (resp. [Schwind 15]).

5.3 Synchronization
After propagation, agents’ opinions and beliefs may not

correspond to each other, as shown in Section 2. This loss

of coherence may be uncomfortable for agents and they may

not be able to justify their opinion from their beliefs.

In order to restore coherence, we use two synchroniza-

tion operations: opinion formation from beliefs ( OF ) and

belief alignments with opinions ( BA ). Because opinions

and beliefs are not direct translation of each others, these

operations are based on the values that agents may hold.

5.3.1 Cultural values

Cultural values help agents to determine whether some-

thing is ‘good’ or ‘bad’ [Schwartz 99]. In this model, the

effect of cultural values is rendered as a map V between

each of the interpretations in M(⊤) to real numbers be-

tween 0 and 1. Intuitively, the cultural values toward an

interpretation I is close to 0 (resp. 1), if the agent considers

I as bad (resp. good). Such values allow agents to form

their opinions from beliefs and vice versa as discussed be-

low. These values are shared among all of the agents and

do not change over time.

For example, V1 (resp. V2) represents agents which con-

sider the world which is consistent with p, then q, then r,

as good (resp. bad).

5.3.2 Opinion formation

In the opinion formation process, agent a revises its opin-

ions based on its beliefs. This can be achieved by mixing

current opinions with the opinions based on current beliefs.

The latter is calcualted by:

v(B) =

∑
m∈M(R(B,ϕ)) V (m)

|M(R(B,ϕ))| . (6)

Intuitively, this means that an agent forms its opinions

based on its beliefs B by imagining that if the topic ϕ

were true under B and evaluating how better the state,

i.e., R(B,ϕ), is or not. Note that the divisor of v(B) is

never 0 since R returns consistent beliefs [Schwind 15].

Based on the function v defined above, this process can

be represented as the function OF (O,B):

OF (Oa, Ba) = (αOa + (1− α)× v(Ba), Ba) (7)

such that α ∈ [0, 1].

5.3.3 Belief alignment

In the belief alignment process, agents revise their beliefs

based on their opinions. This can be achieved by filtering

beliefs in two steps. First, agents select the beliefs B ∈ LP

which minimize the distance between their current opinions

O and the opinions based on beliefs from the function v

(Equation 6). Second, agents choose beliefs which minimize

the distance between their current beliefs B and the beliefs

selected in the previous step.

Formally, this process can be defined as the function BA:

BA(Oa, Ba) = (Oa, argmin
ϕ∈LP (Oa)

dB(ϕ,Ba)) (8)

such that

LP(O) = argmin
ϕ∈LP

dO(O, v(ϕ)).

If there are several beliefs which minimize dB(ϕ,Ba) in

Equation 8, the aligned result is defined as one of them

chosen randomly.

5.4 Protocol
Agents’ behavior follows a procedure using the four op-

erations adapted from [Sasahara 20]. 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 up-

date their opinions and beliefs, and possibly their set of

neighbors.

First, agent a ∈ At receive its neighbors’ opinions and be-

liefs with which it updates its own opinions Ot
a and beliefs

Bt
a to get new opinions Ot+1

a and beliefs Bt+1
a . We distin-

guish three experimental processes to test our hypotheses:

(odonly) (resp. (bronly)) only performs opinion dynamics

(resp. belief revision); (both) performs both operations and

apply opinion formation and belief alignment to synchronize

them:

(Ot+1
a , Bt+1

a ) = OD(Ot
a, B

t
a), (odonly)

(Ot+1
a , Bt+1

a ) = BR(Ot
a, B

t
a), (bronly)

(Ot+1
a , Bt+1

a ) = BA(OF (BR(OD(Ot
a, B

t
a)))). (both)

All functions are executed synchronously among the set of

agents.
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Second, with the probability prewrite, agent a ∈ At tries

to modify its set of neighbors. Firstly, a chooses randomly

one agent among its non concordant neighbors a′ ∈ N t
a\Ct

a.

Secondly, a chooses randomly one agent a′′ ∈ A\(N t
a∪{a})

among the non connected agents. If a can choose both of

a′ and a′′, a updates the set of its neighbors as follows:

N t+1
a = (N t

a \ {a′}) ∪ {a′′}.

Otherwise, the set of neighbors is not updated, i.e., N t+1
a =

N t
a. Note that for each a ∈ A, |N t

a| is constant over time t.

6. Experimental settings

Based on the model defined in Section 5, experiments

to test the hypotheses of Section 4 are performed. In this

section, parameters and measures for them are defined.

6.1 Parameters
The fixed parameters are as follows:

– |A| = 100 and |N0| = 400;
– P = {p, q, r};
– topic: ϕ ≡ p;
– pactivate = prewrite = 0.5;
– µ = α = 0.5;
– number of iterations: 500.

There parameters are defined so that experiments are per-

formed under the same conditions as in [Sasahara 20].

The controled parameters are as follows:

– how agents revise their opinions and beliefs (either

Equation (odonly), (bronly), or (both));
– ε ∈ {0.05, 0.1, . . . , 0.5} ∪ {1.0};
– δ ∈ {1, 2, . . . , 8};
– cultural values: V1 and V2 defined in Table 1;
– randomly generated initial states (opinions, beliefs, and

networks): 3 patterns;
– seeds to manage randomness: 5 numbers.

ε is defined so that these values correspond to [Sasahara 20,

Figure 4]. In [Sasahara 20, Figure 4], ε is equal to either

0.1, 0.2, . . . , 1.0. Here, the values for the threshold for opin-

ions are exactly the half of what is used in [Sasahara 20]

which uses the opinion space [−1, 1] while for this model

it is [0, 1]. The maximal value for δ is |M(⊤)| with three

atomic propositions.

To reduce the total number of experiments, we have per-

formed two sets of experiments to verify H2: the first ex-

periment uses fixed δ and ε varies, and the second one is the

contrary. When δ (resp. ε) is fixed forH2, the value is taken

from the experiment for H1 (resp. H0) such that the av-

erage number of communities is 2, following [Sasahara 20].

Thus, the first set contains

10︸︷︷︸
ε

× 5︸︷︷︸
seed

× 3︸︷︷︸
initial states

× 2︸︷︷︸
values

= 300 experiments

while the latter includes

7︸︷︷︸
δ

× 5︸︷︷︸
seed

× 3︸︷︷︸
initial states

× 2︸︷︷︸
values

= 210 experiments.

6.2 Initialization
The initial network G0 (more specifically the initial set

N0 of edges), the initial opinions O0
1, . . . , O

0
|A| and the ini-

tial beliefs B0
1 , . . . , B

0
|A| are generated randomly so that G0

is connected and B0
a ̸≡ ⊥ for all a ∈ A. To achieve this,

N0 is generated as follows: firstly for all a ∈ A, a′ is taken

from A\{a} randomly, which yields the edge (a, a′). Other

|N0| − |A| edges (x, y) ∈ A × A are defined by generating

x and y randomly so that there are no multiple edges and

x ̸= y holds. Before starting the propagation, beliefs and

opinions are synchronized first by performing BA (see Sec-

tion 5.3). So agents start in a coherent state. Here, OF is

not performed so that the experiments properly generalize

those of [Sasahara 20].

6.3 Measures
While processing the experiments, the following measures

are recorded.

6.3.1 Maximal distance measures mdb and mdo

To assess how close the opinions and beliefs of agents

are, we use a maximal distance measure. The measure

mdb (resp. mdo) refers the maximal distance between two

agents’ beliefs (resp. opinions) using distances defined in

Equation 3 (resp. Equation 2).

6.3.2 Number of community measures ncb and nco

In order to identify how much polarization there is in the

network, it is necessary to know the number of different

communities sharing the same beliefs or opinions. The set

A of agents can be partitioned in a set of communities based

on their opinions or beliefs.

The belief measure ncb is based on the equivalence rela-

tion ≈t
B over A defined as:

a ≈t
B a′ iff Bt

a ≡ Bt
a′ ,

which induces a partition of the set of agents A/≈t
B
. Thus,

this measure is defined as ncbt = |A/≈t
B
|.

The opinion measure nco is defined by hierarchical clus-

tering using the distance between their opinions. The clus-

ters are defined as the maximal subset of agents based on

the clustering algorithm with the complete linkage where

the differences of opinions of the members are equal to or

less than 0.1. The measure nco is the size of this partition

(number of clusters).

6.3.3 Diverse neighborhood measures anb and ano

The extreme consequence of echo chambers is network

segregation, people connected only to people of their com-

munity. This can be measured by how much the neighbors

of a community are diverse. The measure anb (resp. ano)

is the average of discordant neighbors in each community

based on beliefs (resp. opinions). They are defined as:

anbt =

∑
G∈A/≈t

B

|{(a, a′) ∈ Et; a ∈ G, a′ /∈ G}|

ncbt

anot =

∑
G∈A/≈t

O

|{(a, a′) ∈ Et; a ∈ G, a′ /∈ G}|

ncot
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If this value is 0, the network is extremely segregated

since agents do not have any neighbor belonging to a dif-

ferent community.

6.4 Hypotheses revisitted
Based on the experimental plan and measures defined

above, the hypotheses described in Section 4 can be revised

as follows:

T0 With ε ∈ {0.05, 0.1, . . . , 0.5}, δ = 8 and Equa-

tion (odonly), the smaller ε is, the larger mdo and nco

are.
T1 With ε = 1, δ ∈ {1, 2, . . . , 7} and Equation (bronly), the

smaller δ is, the larger mdb and ncb are.
T2 With Equation (both), nco (resp. ncb) is higher than

with Equation (odonly) (resp. Equation (bronly)) and

ano (resp. anb) is lower.

7. Results and discussions

In this section, we present the results and discuss them.

7.1 Hypothesis 0
The blue dashed line in Figure 2a shows the relation be-

tween the threshold for opinions (ε) and mdo. It shows

that the larger ε is, the lower mdo is, thus the closer the

opinions.

Similarly, the blue dashed line in Figure 2c shows the

relation between ε and nco. It shows that the larger ε is,

the lower nco is, thus the less the agents are polarized on

their opinions.

Thus, H0 is supported. These results show that the re-

sults reported in [Sasahara 20] can be reproduced.

7.2 Hypothesis 1
H1 is analyzed similarly to H0. The blue dashed lines

in Figure 2b and Figure 2d show the relation between the

threshold for beliefs (δ) and mdb and ncb, respectively.

These figures show that the larger δ is, the smaller mdb

and ncb are, thus the less polarized agents are on their be-

liefs which are closer.

Thus, H1 is supported: we can observe echo chambers

with agents who follow classical belief revision theories and

ignore beliefs too different from theirs.

7.3 Hypothesis 2: effect of δ
From the results of the experiments with (bronly), it is

observed that agents are split into two communities on av-

erage when ε = 0.2. Hence, according to the protocol of

Section 6.1, we compare (bronly) with ε = 1.0 to (both)

with ε = 0.2.

Figure 2d shows that ncb is higher with (both) than with

(bronly), thus agents form more communities when opinions

and beliefs interact. Moreover, Figure 2f shows that anb is

lower with (both) than with (bronly), thus the network is

more segregated.

Hence, echo chambers have been reinforced from the

viewpoint of beliefs: opinions-beliefs interactions yields

more polarization and more segregated network at the end

of the iterations. H2 is thus supported by these results.

7.4 Hypothesis 2: effect of ε
From the results of the experiments with (odonly), it is

observed that agents are split into two communities on av-

erage when δ = 4. Hence, according to the protocol of

Section 6.1, we compare (odonly) with δ = 1 to (both) with

δ = 4.

The red solid line in Figure 2c shows that if ε ≥ 0.1,

then nco with (both) is higher than with (odonly). Thus,

there are more communities when agents consider opinions

and beliefs than when they consider opinions only. In 299

experiments out of 300, agents are split into more than one

community after 500 iterations, i.e., the network is polarized

in the end.

Moreover, the red solid line in Figure 2e shows the effect

of ε on ano with (both). For small ε, ano is larger on aver-

age than what is observed with (odonly), while it is smaller

on average than before for large ε. This means that the net-

work segregation has been reduced in the former case while

it has been reinforced in the latter case. Why the former

case is observed is that it is possible for agents to follow

other agents who are still non concordant. In this case,

agents cannot improve the homogeneity of their neighbors

even after they rewrite the network. This can easily happen

if only a few agents are concordant with them (i.e., they be-

long to a small community). Such small communities can

be preserved if agents in the community consider all of their

neighbors in other communities as non concordant.

Hence, interacting based on beliefs as well as opinions

makes agents’ opinions more polarized. On the contrary, we

cannot observe more segregated networks in general. This

means that H2 is not fully supported by this experiment.

8. Conclusion

Users in social networks exchange their beliefs as well as

their opinions. However, existing opinion dynamics models

have not considered the beliefs that agents have. In this

paper, we proposed the integration of belief revision and

opinion dynamics. In this framework, agents exchange and

update their opinions (resp. beliefs) using opinions (resp.

beliefs) from others. Moreover, they keep the coherence

between opinions and beliefs using cultural values. The

results from the experiments show that echo chambers have

been reinforced from the viewpoint of beliefs. However,

from the opinion standpoint, less echo chambers have been

observed when agents are more torelant to different opinions

and beliefs from theirs.

We did not consider the influence of different values and

topics, which may lead to differentiated results. Investigat-

ing such effects is left for future work.

Data availability

All experiments were performed with the SOBA software

environment∗2. Settings, output and data analysis note-

books are made available at [20241209-BROD], [20241210-

BROD], [20241211-BROD] and [20241212-BROD].

∗2 https://github.com/tsukuba-mas/soba
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Figure 2: The difference of behavior between beliefs (resp. opinions) only (dashed blue) and when they interact (plain red).

In the bottom plots, experiments which terminate with a single community are excluded.
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