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The study of the dynamics of opinion formation and transmission in social networks has
attracted lots of attention. Here, we propose a model that simulates communication in
an online social network, in which randomly created posts represent external information.
We consider users and friendship relations to be encoded as nodes and edges of a network.
The dynamic of information diffusion is divided into two processes, referred to as post
transmission and post distribution, representing the users’ behavior and the social network
algorithm, respectively. Individuals also interact with the post content by slightly adjusting
their own opinion and sometimes redefining friendships. Our results show that the
dynamic converge to various scenarios, which go from consensus formation to polariza-
tion. Importantly, friendship rewiring helps promote echo chamber formation, which can
also arise for particular networks with well-defined community structures. Altogether,
our results indicate that the social network algorithm is crucial to mitigate or promote
polarization.

� 2021 Elsevier Inc. All rights reserved.
1. Introduction

With the advent of the internet, many different online social networks have been created. In order to understand the
impact of these networks on the users’ opinions, different models have been proposed [7,26,34,45,49,50]. The simulated
dynamics include the voter model [15], the majority rule model [17], and the bounded confidence model [28], among others
[7]. Part of these studies considers that the dynamic is executed on a network structure, in which the nodes and edges rep-
resent people and their friendship, respectively. Several distinct characteristics of social networks have been studied in order
to understand opinion dynamics. For example, [43] considered that when two or more people have the same opinion, it is
more likely for them to convince others. In general, these studies consider static network structures. However, other studies
have taken into account that people can change their friendship [19,41]. In this case, edge rewirings are allowed, with might
give rise to groups of connected people with similar opinions, called echo chambers.

One essential characteristic of these dynamics is how to represent the opinion. In many cases, the opinions are expressed
only for two possible states [15,17]. In other cases, a varied number of categories [1], or vectors [4] can also describe the
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opinions. Another option is to express opinions as a continuous variable [3,12,28,39], which can express problems regarding
negotiations. In this case, opinions are not categorical, and the individuals can have intermediate opinions. Promising results
have been obtained from this type of dynamic. For instance, in [3], results obtained from simulations were found to be sim-
ilar to the scenario observed in online social networks.

Although in real social networks, individuals typically have lots of friends, in [1,5] the authors considered that a person is
not capable of interacting with lots of other individuals. For this reason, they adopted network models with low average
degrees. In order to constrain the interactions between individuals, we considered two complementary mechanisms. The
first represents the user’s action of posting pieces of information, henceforth called post transmission. In contrast to other
approaches, individuals can post something different from their own opinions. We also simulate the individuals’ information
transference, a mechanism that chooses if the data shall be delivered to other users. We named this mechanism as post dis-
tribution. This step mimics how social network algorithms could manage posts. Moreover, since the nature of the posts
received could change opinions positively or negatively, we consider two kinds of interaction: attraction and repulsion,
respectively. Finally, we also allow individuals to rewire connections for the cases in which the post repulses the individual’s
opinion.

In order to model post transmission, we compare functions that represent different scenarios. The first function consists
of users who post information they like or dislike, which can be understood as a reaction in a social network. We also ana-
lyzed users that only post information they like. In the third scenario, we considered users that did not pay attention to their
posts. In the case of post distribution, we also test a wide range of options as this can play an essential role in social networks
when it comes to keep the attention of the users.

We analyzed the results obtained by employing two distinct and complementary measurements. The first consists of ana-
lyzing the resulting opinion distributions. We quantify how polarized and balanced the opinion distributions are. However,
more information can be obtained if the network structure is considered. As well as in [3,10,11], we measured the relation-
ship between the node opinion and the average of the friends’ opinions. From this analysis, different resulting structures can
be observed, which include the presence of echo chambers. Our model can give rise to echo chambers for a specific scenario,
even without friendship rewirings. Additionally, the bimodality of the opinion distribution does not guarantee that the
dynamic would converge to echo chambers. We also compared our dynamic with networks obtained from Twitter. Interest-
ingly, we found similarities between the results obtained with the proposed dynamics, including the level of bimodality and
echo chambers.

The paper is organized as follows. Section 2 discusses the related works and their comparison with our approach. In Sec-
tion 3, we present our proposed dynamics, as well as the measurements employed to analyze the results. Section 4 describes
the results obtained and the associated discussion. Finally, in Section 5, we conclude the paper and present future works
resulting from this study.
2. Related works

In this section, we present a short review of related studies and contrast them with our model. At the end of this section,
we summarize the most relevant differences in order to highlight the contributions of the paper.

A confirmation bias can be understood as the seeking for expected information according to previous beliefs [33]. As a
consequence, people can reinforce previous opinions and behaviors. This phenomenon is also central to govern the behavior
of social networks’ users and can promote the dissemination of fake news [27]. Other crucial elements that have been catch-
ing the attention of scholars are how the individuals are exposed to the information, which can be selective [30] or incidental
[47]. In [47], the authors studied and compared these aspects with a focus on politics by using a survey collected in the Uni-
ted States. They found that the incidental exposition of information can lead the more active partisans to search for political
content similar to their opinion. This behavior can increase the sharing of political information. Furthermore, a data-driven
study shows that the selective exposure, when combined with the attention of the individuals, can affect the manner social
network users consume news [9].

Other related features found in online social networks are polarization and echo chamber formation. The first is produced
by the movement of many individuals to go from a moderate opinion to a more extreme point of view [42]. Echo chambers
are groups in which individuals are in contact with opinions similar to their own beliefs. Many studies consider the relation-
ship between the social network algorithm and polarization and the formation of echo chambers. For instance, [37] found
evidence that information bias can be related to the formation of echo chambers. These concepts have been analyzed in data
regarding climate policy in the US [22], to mention a relevant example. Interestingly, it has been observed that the opinion of
few individuals, when spread on an echo chamber, could seem to be the opinion of many individuals [22].

Many other studies regarding echo chambers have been developed [1,5,48]. Some of them account for how algorithms
indicate content in social networks [48], which play an important role in their dynamics. Depending on the configuration
of our model, a sort of confirmation bias can be incorporated. In some cases, this feature could yield the formation of echo
chambers. Different methods have been proposed to identify and quantify echo chambers [1,3,10,11,31]. In [1] techniques
used to identify network communities have been employed. Furthermore, information regarding the individual’s opinion
and their neighbors can also be used [3,10,11]. Here, we use the measurement presented in [11] and propose two auxiliary
measurements.
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To understand the mechanisms that give rise to the previous phenomena in social networks, different models have been
proposed [7]. In the model described in [6], under the assumption of homophilic interactions between individuals, the
authors show that there is a tendency for fragmentation or echo chamber formation for flexible networks. Another approach
extensively studied is the Sznajd model [43]. In an adapted version, in which rewirings are considered, echo chambers can
emerge [5]. Furthermore, the underdog effect [46] has also been incorporated into this model [1] and could promote the for-
mation of echo chambers. This underdog effect can be understood as the inclination of individuals to support the most dis-
liked option. Finally, another possibility is the Axelrod model, which accounts for the process of cultural diffusion and has
been employed in studies related to opinion polarization [38].

A frequently used type of model for representing the continuous opinions is the bounded confidence model [12]. In this
approach, pairs of individuals can change their opinions if they are connected and if the difference between their opinions is
smaller than a defined parameter. Modifications of this model were proposed to study the confirmation bias on the polar-
ization of social networks [13]. In more detail, [13] introduced the use of rewiring and unbounded versions of this model.
Interestingly, both types of variation could give rise to polarization. Ref. [39] also proposed a variation of the bounded con-
fidence model in order to understand specific mechanisms of social media. The DeGroot-Friedkin model [16] has also been
adapted to incorporate the confirmation bias [29]. In [29], the authors investigated this characteristic with the competitive
information spreading.

In these opinion dynamics, the influence of one individual on others is typically modeled by considering that the individ-
ual tries to spread his/her own opinion. Here, since the posts do not express the individuals’ opinions, their friends are not
directly influenced by their opinions. Specifically, the social network algorithm considers the individual’s opinion to dis-
tribute the post, but its friends never receive the opinion itself, just the post. In contrast to the bounded confidence model,
here, the transmission and distribution functions control if the individual receives the information. Furthermore, we incor-
porate the possibility of rewiring, also considering a probability function and not a threshold.

Given these many findings regarding opinion dynamics, we put together many of these characteristics in a single dynamic
model. The summary of contributions of this paper are as follows:

� We propose a framework that incorporates both the behavior of users and possible algorithmic bias of the social network;
� In this dynamic, the individuals are influenced by the posts and not by the opinions of others.
� We propose two complementary measures to analyze the bimodality of opinions (bimodality index and the distribution
balance);

� Depending on the range of parameters, the dynamic converged to a varied range of outcomes, which include echo-
chamber formation and consensus of opinions;

� In contrast to the majority of the models, we also studied the dynamical transient. For specific configurations, we found
that opinions can exhibit a bimodal distribution but converge to a consensus;

� We identified scenarios in which the opinion distribution is bimodal but without echo-chamber formation. This case can
be related to debates in social networks since users with different opinions keep communicating;

� For particular scenarios, even without the inclusion of friendship rewiring, our dynamic can converge to echo chambers;
� A comparison with a real social network shows similarities with the simulated outcomes.

3. Opinion dynamics

This section describes the proposed dynamics and depicts the experiment design and how the results are analyzed.
3.1. Proposed framework

Our model represents a social network, in which the users (individuals) produce posts. Then, the social network algorithm
(post distribution) selects the neighbors (friends) that will receive the post. Finally, the opinions of the selected neighbors
might change, and the users that strongly disagree can change their friendship (rewiring).

Specifically, each node, i, represents an individual that has an opinion, bi 2 R, with �1 6 bi 6 1. The network edges rep-
resent the individual’s friendships. The dynamic starts with the opinions randomly initialized following a uniform probabil-
ity distribution.

At each iteration, a node i is randomly selected, and a post P is created. In order to define the opinion associated with the
post, a number, h, is randomly generated with uniform probability (�1 6 h 6 1). Next, a transmission probability, PtðxÞ, is
used to define if the individual i will post P. This probability function is computed according to the difference between
the post and the individual’s opinion (x ¼ jh� bij). The functions employed in this paper are described in Section 3.3. Addi-
tionally, if the individual i produces a post, a function, PdðyÞ, is calculated to define the probabilities of the neighbors of the
node i to receive the information. In this case, the function is calculated for all edges, ði; jÞ, connected to i, where y ¼ jbi � bjj.
This action is associated with how the social network algorithm acts. The probability functions used here are shown in Sec-
tion 3.3. After this action, another probability could be associated with the individuals to define if they are active in the social
network. However, here we consider this probability as one. In other words, we considered that the users see at all posts
received.
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The opinions of the individuals that receive a post can result in attraction or repulsion. More specifically, for each indi-
vidual, j, the probability of being attracted is
njðh; bjÞ ¼ 1� jh� bjj
2

: ð1Þ
As observed in [21,32], people update their opinions on topics after interacting or in a discussion and can become more
polarized while doing so. In our model, if the individual is attracted, its opinion bj turns out to be closer to bi by a D amount,
otherwise is repulsed and turns out to be farthest to bi by a D amount. It has also been observed that, when confronted with
opposing views, people in social media can become more extreme in their opinions [2].

The last action of our dynamic allows an individual to unfollow a given friend and connect to another. This step is hence-
forth called rewire. The unfollowing in social networks have been extensively studied [24]. For instance, the study developed
by [24] indicates that Twitter users are less likely to unfollow friends who have acknowledged them. Inspired by this study,
here, if an individual is repulsed by a neighbor, the rewire can happen according to a given function, PrewireðxÞ, for x ¼ jbi � bjj,
see Section 3.3.

The previous steps are repeated n iterations, in which n should be big enough to let the dynamics reach a steady state. In
order to automatically execute many times the same programwith all of the parameters presented in this section, we use the
software GNU Parallel [44].

3.2. One step example

In order to organize all the procedures presented in the previous section, we describe a complete example of one iteration
of our dynamic, as shown in Fig. 1. The dynamic starts with a network node, i, selected at random, the green node in Fig. 1(a).
In this case, the opinion of the chosen individual is bi ¼ �0:9. Next, a number (�1 6 h 6 1) is randomly generated according
to a uniform distribution, representing a post created by the green individual. In this example, the post is given by h ¼ �0:4.

In the following, the probability of post transmission is calculated according to the difference between bi and h (see Fig. 1

(b)). The obtained transmission probability is Ppol
t ðxÞ ¼ 0:5. We illustrate our example by employing the polarized function

Ppol
t , more details regarding the possibilities of transmission probabilities are described in Section 3.3.1. In this example, the

post is transmitted (see Fig. 1(c)).
After transmitting the post, the dynamics determine which friends of i should receive the post. For this purpose, the dis-

tribution probability is calculated by considering the difference between the opinions of i and its friends. Fig. 1(d) illustrates
how the probabilities are calculated (for more details regarding the possibilities of post distribution, see Section 3.3.2).
According to these probabilities, the social network algorithm chooses if the post is seen by the other users (blue). In our
example, Fig. 1(e), a single friend does not receive the post (see the red x).

After receiving the post, the individuals change their opinions according to it. The attraction probability is calculated for
all individuals who receive the post, as shown in Fig. 1(f). Note that the attraction probability considers the information
received (h) and the opinion of the individual. We choose this strategy because the individual only has contact with the post
but not with the belief of the other individual. Furthermore, we choose a probability that decreases linearly for the sake of
simplicity. As a complement, the non-attracted individuals are repulsed. Fig. 1(g) illustrates the opinion changes, repre-
sented in bold. The opinions shown in black (b3) and red (b1 and b4) represent the individuals attracted and repulsed by
the agent i, respectively.

As the last action, possible changes of friendship are calculated according to the rewiring probability. This probability is
computed for all repulsed users according to the difference y, as shown in Fig. 1(h). More information regarding the choice of
this probability is provided in Section 3.3.3. In this example, a single edge is rewired (see Fig. 1(i)). The new connection is
chosen with the same probability of reconnection for all remaining network nodes.

3.3. Adopted configurations

In this subsection, we describe the chosen probability functions and the rationale for our choices.

3.3.1. Post transmission functions
In the case of post transmission, we considered three distinct possibilities of PtðxÞ. The first possibility is defined as
Ppol
t ðxÞ ¼ cos2 x

p
2

� �
; ð2Þ
where x ¼ jh� bij. In this case, the individual tends to post both the most similar and most different with respect to its own
belief. This polarized function simulates the scenarios in which the users post pieces of information he/she agrees or dis-
agrees with. In the latter, this possibility represents the cases in which a user’s post reflects an opinion against the content.
Furthermore, the highest probabilities of posting divergent opinions are reached only if the individuals’ opinions, bi, are close
to the extremes, �1 or 1, resulting from the maximum possible value of x. For instance, if bi ¼ 0, the maximum x value is 1,
consequently, Pð1Þ ¼ 0.
268



Fig. 1. Example of one step of the proposed dynamics. (a) The post is randomly generated. (b) The transmission probability, PtðxÞ, is calculated. (c) and (d)
post distribution calculations. (e) the algorithm chooses if the other users see the post. (f) Attraction probability is calculated. (g) The opinions are changed.
(h) The rewiring probability is computed for all repulsed users. (i) the edges can be rewired.
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We also considered the users that have a much higher probability of posting information similar to their own opinions
and cannot post contrarian information, which can be modelled as
Psim
t ðxÞ ¼ cos2 x p

2

� �
; if x 6 1

0; otherwise:

(
ð3Þ
The third tested strategy is the uniform probability, as follows
Puni
t ðxÞ ¼ 1: ð4Þ
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This probability simulates the cases in which the users produce posts without taking care of the information. More specif-
ically, all the created posts are spread by the users. This case can also be used as a null model. Fig. 2 illustrates the transmis-
sion functions considered.

In addition to the three described possibilities, we considered the combination of them, Pall
t ðxÞ. A function is randomly

chosen for each individual, with equal probability for all possibilities. For the sake of simplicity, each individual has a fixed
behavior. More specifically, the chosen function does not change during the execution of the dynamics.

3.3.2. Post distributions
For the post distribution, we considered several possibilities for the probability functions. The first equation is defined as

follows
1 Thi
social n
PI
dðyÞ ¼ cos2 y

p
2
þ /

� �
; ð5Þ
where the parameter / is a real number that controls the starting point of the cosine-squared function and y ¼ jbi � bjj1, in
which bi and bj are the opinions of the individual i and its given neighbor j, respectively. We considered another version, in
which the probabilities vary smoother than in Eq. (5), as follows
PII
dðyÞ ¼ cos2

y
2
p
2
þ /

� �
: ð6Þ
Fig. 3 illustrates the relationship between the parameter / and the probability functions. In both cases, the functions can
represent a range of algorithms that spread information from a polarized to a depolarized. As the third case, we also
employed a null model, that transmits uniformly the information, which is defined as
PIII
d ðyÞ ¼ 1: ð7Þ
One of the objectives of social networks is to engage users. Among the possibilities of post distribution, given by the
parameter /, some choices could be justified to gain the users’ attention, including the information bias. Additionally, it
is expected that disagreements can promote engagement. Specifically, in our model, the algorithm can promote antagonism
if individuals receive posts they strongly disagree with. For this reason, we test both choices, post-distribution giving rise to
information bias and disagreement. For instance, information bias and disgreements can be set in our model using PII

d with

/ ¼ 0 and / ¼ p
2, respectively, see Fig. 3(b). For the scenarios in which both behaviors occur at the same time, PI

d with / ¼ 0 or

PII
d with / ¼ p

4 can be employed. Furthermore, by changing /, intermediate possibilities can be explored. For instance, for PI
d

with / ¼ 3 p
4, higher probabilities are obtained for y < 1, which can favor the information bias.

3.3.3. Rewiring configurations
In online social networks, individuals can decide to unfollow others with very different opinions. We modeled this behav-

ior by allowing the rewiring of connections only between individuals that strongly disagree. With this purpose, we adopt the
following rewiring probability function
PrewireðyÞ ¼ cos2 y p
2

� �
; if y > 1

0; otherwise;

(
ð8Þ
where y is defined by the difference between the opinions of the individuals i and j (y ¼ jbi � bjj). Fig. 4 illustrates this func-
tion. In order to compare this scenario with a fixed network structure, we also considered the dynamic without the possi-
bility of rewiring (PrewireðxÞ ¼ 0). Thus, the effect of rewiring can be easily evaluated.

3.4. Opinion polarization analysis

In this section, we describe how the results are analyzed. First, we present the measures used to account for the opinion
distributions. Next, we also considered information regarding the relationship between structure and dynamics.

3.4.1. Analysis of opinion distributions
By employing the bimodality coefficient, BC [36], we can quantify the level of polarization of the opinions. This measure-

ment is computed from the opinion distributions and is defined as
BC ¼ g2 þ 1

kþ 3ðn�1Þ2
ðn�2Þðn�3Þ

; ð9Þ
s process is similar to a homophily, however, homophily is an outcome of people decisions, while here we are modeling the posts suggestion by the
etwork algorithm. Homophily could be an extension to our model.
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Fig. 2. Transmission probability functions.

Fig. 3. Examples probability functions for post distribution.

Fig. 4. Function employed to define the rewiring probability.
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where n is the number of samples, and g and k are the skewness [23] and kurtosis [23] of the analyzed distribution, respec-
tively. Furthermore, it was empirically found that for BCcritic ¼ 5=9 the distribution tends to be uniform, and for values higher
and lower than BCcritic, it tends to be bi-modal and uni-modal, respectively [36]. However, in our experiments, BC did not
performwell in probability distributions with unbalanced modes. In order to complement this descriptor, we propose a mea-
sure that is henceforth called balance. First, we divide the resulting opinions into two sets, s1 and s2, which contains values
lower and greater than zero, respectively. From these sets, we compute the balance, as follows
b ¼ minðc1; c2Þ
maxðc1; c2Þ ; ð10Þ
where c1 and c2 represent the number of nodes in s1 and s2, respectively.

3.4.2. Relationship between structure and dynamics
Although the bimodality coefficient accounts for the opinion distribution’s shape, it cannot quantify individuals’ relation-

ships. So, we make another analysis. An interesting characteristic that can be found in opinion dynamics is the presence of
echo chambers. Here, we consider the metric used in [3,10,11] to identify if our dynamics leads to the formation of echo

chambers, which consists of a density map of the individuals’ opinion, b, against the average opinion of its neighbors, bNN .
So, when distinct groups are located in the first and third quadrants of the map, for the dynamics converge to echo chambers.
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However, other interpretations are possible. In order to illustrate some possible resulting density maps, we created three
case examples (see Fig. 5). In Fig. 5(a), a single peak expresses consensus, in which all individuals are connected to others
with similar opinions. Fig. 5(b) illustrates the formation of echo chambers. Note that the density map in Fig. 5(b) is a nec-
essary condition for the echo chamber formation. However, it is not a sufficient condition as we also need homophilic inter-
actions [3]. Another possible scenario is depicted in Fig. 5(c). In this case, the individuals are essentially connected to others
that have the same average opinions. Henceforth, we refer to this scenario as diverse since the individuals communicate with
others that have diversified opinions. Note that this map describes the initial configuration of opinions of the dynamics. A
combination of the already presented density maps can form other possible outcomes. For all of the case examples, the bor-
der effect is found in the density map.

4. Results and discussion

Next, we present our results, starting from analysis of the opinion distributions, and varying the post transmission param-
eters, reception, and rewiring. We also analyze a real scenario in terms of the proposed methodology.

4.1. Model parameters

For each combination of parameters, we executed the dynamics 50 times. In the case of phase /, we considered 33 values
between 0 and 2p. The number of iterations was manually defined, guaranteeing that the dynamics reached a steady-state
(see Supplementary material S1). More specifically, for the majority of the cases, we considered that the dynamic reached the
steady state when there were no significant variations of BC along time. For more details, see Supplementary material S1.
Since D defines the step for the opinion change, we chose the smaller possible value considering the computational cost
of the simulations. In the following results, we adopted D ¼ 0:1.

Regarding BC and b, we considered the average and standard deviation. In the case of the density maps of b against bNN ,
we show the results of single executions because an average map could hide interesting results. For instance, in scenarios
where the distribution of b converges to all values close to 1 or �1, the resultant map displays a single lobe. However,
the same result could seem to be polarized by considering an average map displaying two lobes.

For the first part of our analysis, described in Section 4.2, we considered the possibility of rewirings of friendships, using
Eq. 8. Since the network structure varies with time, we considered only Erd}os-Rényi (ER) [14] networks with approximately
1000 nodes, and hki ¼ 8. In this network, the connections between nodes are defined according to a probability of connec-
tion, p. This parameter was set to give rise to networks approximately with the desired average degree. Furthermore, tests
were also executed for hki ¼ 4, and the results were similar (results are not shown). Additionally, we varied all possible com-
binations of parameters, as presented in Sections 3.3.1 and 3.3.2.

For the dynamics without the possibility of rewiring (described in Section 4.3), the sets of parameters previously
described were also employed, except for the rewiring probability function. Additionally, we compared our results with
an SBM (Stochastic Block Model) [20]. To this end, the probability of connection between the communities was set to
8� 10�5. The comparison with other network models is Section S3 of the Supplementary material.

4.2. Analysis of the dynamics

Many different behaviors can be observed, as illustrated in Fig. 6. For both types of functions for post distribution (PI
d and

PII
d), the type of transmission function that lead to higher values of BC is Puni

t , for values of / close to 1:5. This result means
that, according to our model, if the users of social network tend not to express a strong opinion on the posts, the algorithm

(via its post distribution) can lead the opinion distributions to be polarized. For Ppol
t ; Psim

t , and Puni
t ;BC presents a relatively

high standard deviation, as can be seen in the shaded regions of Fig. 6. These values are obtained because of the fluctuations
of the BC for each execution of the dynamic even after the steady-state is reached. Furthermore, the result tends to the aver-
age BC. By considering PIII

d , for all transmission functions, the b distributions were not found to be bi-modal (more informa-
tion is shown in Supplementary material S2.1). Again, the function from of the post distribution is found to play an essential
role in the polarization.

Also, considering the opinion distributions, for the majority of the results, balance (b) is found to be high (more details are
shown in S6 of the Supplementary material). However, for almost all combined functions, b tends to become lower when / is

close to p=2, except for Puni
t . For these values, the distributions can be considered unbalanced.

Next, we describe the relationship between the proposed opinion dynamics and network structure. First, we analyze the
density maps of b against bNN . We did not show average density maps because, in some cases, this average could make inter-
esting outcomes less discernible. In general, the obtained density maps indicate results varying from consensus to echo
chambers. Items VI, VII, and VIII of Fig. 6 illustrate three different levels of consensus, where the more well-defined scenario

is found for PI
d; P

sim
t , and / ¼ 1:47 (item VI). The echo chamber formation was found only when we employed Puni

t , for both

types of post distribution (PI
d and PII

d) and / values close to 1:5. See an example in item IV of Fig. 6. Furthermore, to lead to
echo chambers, the network structure changes and gives rise to separated communities. However, there is no significant
272



Fig. 5. Synthetic examples of possible resulting density maps of opinions b against the average neighbor’s opinions bNN , in which the lighter color represents
the larger number of users. Furthermore, we depict the probability functions of b and bNN at the top and right sides of the maps, respectively.
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change in the degree distributions 2. Examples of these degree distributions are shown in Fig. S7 of the Supplementary
material.

Other interesting results are shown in items I and II of Fig. 6. In the first, BC is slightly higher than BCcritic. So the distri-
bution of b tends to be similar to a uniform but with a bi-modal inclination. However, most of the samples are located in the
first and third quadrants, which indicates the echo chamber’s tendency. In contrast to this result, for item II of Fig. 6, the
opinion distribution is bi-modal, but there is no tendency for echo chambers. This density map is more similar to a diverse
scenario but with a bi-modal in the distribution of b.
4.3. Analysis of the dynamics without rewiring

In order to better understand the proposed model, we test the dynamics without the possibility of echo chambers. Similar
to Section 4.2, here we consider many different combinations of parameters and analyze the steady state of the dynamic.
More details are provided in the Supplementary information S2.2.

First, we use the uniform version of the post distribution. In this case, the resulting opinion distributions reflect the post

transmission functions. More specifically, for Ppol
t ; Psim

t , and Puni
t , the dynamics converged to bi-modal, uni-modal, and uni-

form distributions of b, respectively. Interestingly, for Pall
t the emerging b distribution has an intermediate value of BC, which

is slightly lower than BCcritic. We also fixed the function of post transmission to the uniform (Puni
t ). In the case of PI

d, for
0 6 / < p=2, the resulting distribution of b is typically uni-modal, and for p=2 6 / < p bi-modal. A similar result is found
for PII

d , but here the uni-modal distributions are found for p=4 6 / < 3p=4.
Considering combinations of post transmission and post distribution, other interesting results are found. In contrast to

previous results, the BC levels are much higher for some configurations with Ppol
t . Furthermore, when we slightly vary /,

more abrupt changes of BC are obtained, which can be explained by variations of the opinion distributions from uni-
modal directly to bi-modal, or vice versa. These changes happen only for low values of b. More details regarding these anal-
yses are shown in the Supplementary information S2.2.

Because of the large number of reception possibilities, in the remaining of this subsection, we restrict the analysis to two
fixed values of /. These values were chosen in line with the variations of BC and b (for more information see Fig. S11 of the
Supplementary material). We consider / equal to p and 1:473. By comparing both reception functions, in the case of / ¼ p,
the bimodality coefficient does not differ considerably, and high values of b are found. On the contrary, high differences for

BC are found for / ¼ 1:473. In this case, for all tested parameters, except when we employed Puni
t , the resulting distribution of

b is found to be unbalanced. We also compared BC for several other networks. All in all, the results were similar (the com-
plete analysis is available in the Supplementary material S3).

In what follows, we focus on the ER networks as they are the simplest and the results for other structures are similar.
Fig. 7 shows some examples of density maps. Fig. 7(a) illustrates a scenario in which the opinions are polarized into two
groups, but there are no well-defined echo chambers. More specifically, the lack of echo chamber formation is characterized
by similar average opinions of the agent neighbors. In other cases, where the opinions of all of the agents are similar between
themselves, a single group is found in the density map (see Fig. 7(b) and (c)). Interestingly, for the example of Fig. 7(b), the
opinions converge to an extreme. This result is obtained because during the transient the distribution of b becomes bi-modal
and converges to uni-modal, in which one of the two peaks increases while the other decreases, giving rise to a uni-modal
distribution close to �1 or 1 (this effect is shown in Fig. S2 of the supplementary material). Furthermore, in Fig. 7(d), we pre-
2 Degree is defined as the number of edges connected to a given node.
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Fig. 6. The average and respective standard deviations of BC (bimodality coefficient) are shown in items (a) and (b). The horizontal dashed lines indicate
BCcritc. For each item, we illustrate the measurements with four examples of density maps of b against bNN . The plots close to the arrows represent the
probability function used for the distribution. The density maps represent the following configurations: I- PI

d; P
pol
t , and / ¼ 0:49, II- PI

d; P
uni
t , and / ¼ 2:65, III-

PII
d ; P

uni
t , and / ¼ 0, IV- PII

d ; P
uni
t , and / ¼ 1:47, V- PI

d; P
pol
t , and / ¼ 0, VI- PI

d; P
sim
t , and / ¼ 1:47, VII- PII

d ; P
sim
t , and / ¼ 0, and VIII- PII

d ; P
all
t , and / ¼ 1:47. These

density maps illustrate typical results of a single execution of the dynamics.

Fig. 7. Samples of density maps from the comparison between the b against bNN . Lighter colors represent the denser regions. These results were measured
from ER networks with hki � 8, without considering the possibility of rewiring.
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Fig. 8. Example of two samples (i and ii) of the resulting dynamic executed on a SBM, with Puni
t ; PII

d , and / ¼ 1:47. Items (a) and (c) display the SBM
networks. The colors vary from blue to red, which represent left and right wings, respectively. In (b) and (d), we display the density maps of opinions (b)
against the average opinion of the neighbors (bNN), where lighter colors represent large numbers.

Fig. 9. Real data visualizations. The three first panels display the Twitter network visualizations, in which the colors vary from blue to red. More specifically,
blue and red represent left and right wings, respectively. The second line shows the respective density maps of opinions (b) against the average opinion of
the neighbors (bNN), in which lighter colors represent large numbers.

Table 1
Measures of bimodality coefficient, BC, and balance, b, obtained from real Twitter networks.

Subject BC b

Obamacare 0.60 0.80
Gun control 0.67 0.70
Abortion 0.60 0.91
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sent an example of a density map with a tendency for the diverse scenario. However, individuals are more likely to be con-
nected to neighbors with similar opinions.

Although echo chambers were not found in all the results presented in this subsection, there is the possibility to converge
to echo chambers even without rewiring, depending on the network structure. In order to illustrate this possibility, we
employ a SBM with two well-separated communities, as shown in Fig. 8. Interestingly, this network structure leads to bis-
table results. In particular, the dynamic can lead to both consensuses or echo chamber formations, with 46% of the 50 gen-
erated samples converging to echo chambers.
4.4. Characterization of real data

We used networks obtained from Twitter that are political examples of polarization in the United States, obtained in [18],
and studied in [10]. The topics considered are: Obamacare (8703 nodes and 3,797,871 edges), gun control (3963 nodes and
1,053,275 edges), and abortion (7401 nodes and 2,330,276 edges). In all networks, nodes represent users, and directed con-
nections were created according to followers (from following to follower). See the visualizations of the data in Fig. 9. Fur-
thermore, online news organizations with political inclinations were used to define the individuals’ opinions [10]. For the
sake of simplicity, in our analysis, we considered the network as being undirected.

The opinions of the network users, shown in Fig. 9(a)–(c), seem to be separated. To compare these opinion distributions
with the previous results, we apply the same methodology. Table 1 presents the measurements of BC and b. Comparing the
real data with our previous experiments, we observe that in the cases in which we considered rewiring, BCwas similar to the
real networks’ measures (see for instance Fig. 6, panel IV). However, we remark that b is lower for real cases than for our
simulation. The abortion network is the case in which our model better approximates real data. This suggests that our model
can be helpful both for a quantitative and qualitative analyses of real systems, providing mechanistic interpretations of real
phenomena.
5. Conclusions

Due to the rise of social networks, researchers have been studying their opinion dynamics. Here, we proposed a model to
study the conditions that can give rise to polarization. Our dynamic is based on some compartmentalized modules, and it is
limited to simulating how new information is generated, as well as the individual’s friends’ reactions. First, in the post trans-
mission phase, the user has contact with an external piece of information and chooses if he/she will post it according to a
given probability. For the post distribution, the piece of information is analyzed by the social network algorithm. The opin-
ions of the individuals that receive the post can move closer or farther depending on the content of the piece of news. For the
repulsed individuals, a probability function controls if the individual will rewire friendship. Importantly, this study does not
only contribute to a novel model but also proposes a new type of analysis. Here, we considered that the network structure is
not the single aspect that limits the communication between individuals.

Several interesting outcomes have been observed. For instance, when we considered a rewiring probability, only with the
uniform transmission, the dynamic gave rise to echo chambers. According to our model, if the users do not care about the
information they post, the post distribution function can lead to polarization and the formation of echo chambers. Further-
more, three opinion outcomes have been observed: consensus, echo chamber, and diverse.

In some cases, high values of the balance and low values of the bimodality coefficient have been found. This result means
that the dynamic converged to consensus, but with average values close to �1 or þ1, which mainly happened when we con-
sidered the dynamic without the possibility of rewiring. Also, without including rewirings, polarization can be observed for a
wider range of configurations. However, for the majority of these polarized cases, there is no echo chamber formation. One
exception is a network with well-separated communities, which can converge to both consensuses or echo chambers for the
same set of parameters. Additionally, we calculated and compared bimodality coefficient in synthetic and real data, with
similar balance values being obtained, especially in the case of the Abortion data.

One of our model’s current limitations is that individuals see received posts. In future works, a probability could be asso-
ciated with this action, allowing posts to be discarded. Post distribution could also be adaptive and change over time. Fur-
thermore, we considered only undirected networks, but our model can also be implemented using directed structures.
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