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ABSTRACT Echo chambers, a recent phenomenon in the realm of social networks, have garnered significant
attention from researchers due to their profound implications. Their role in propagating information, rein-
forcing beliefs and opinions, and potentially fostering inequality within networks and societies underscores
the critical need for comprehensive understanding. Despite the lack of a clear definition, existing research has
primarily concentrated on five aspects of echo chambers: their attributes, underlying mechanisms, modeling,
detection, andmitigation strategies. Themain objectives of this systematic review are to identify terminology,
examine the effects of echo chambers, analyze approaches to echo chamber mechanisms, assess modeling
and detection techniques, and evaluate metrics used to specify echo chambers in online social networks.
By doing so, this article aims to illuminate the strengths and weaknesses of current approaches. To conduct
this study, a systematic reviewwas conducted of studies published from 2013 to October 2022, peer-reviewed
in five prestigious publishers, including ACM Digital Library, IEEE Xplore, Science Direct, Springer,
and Nature. The methodology of this systematic review was guided by the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) statement. Ultimately, 28 studies were selected for the
final review. The findings of this study highlight several main limitations. Firstly, there is a lack of an accurate
definition for echo chambers. Secondly, there is a lack of a solid approach to address the components of echo
chambers. Thirdly, there is a controversial issue regarding the effect of echo chambers. Lastly, the measures
used mostly did not adequately specify echo chambers.

INDEX TERMS Echo chambers, online social network, systematic literature review, social media.

I. INTRODUCTION
A. RATIONAL
Today, online social networks (OSNs) are essential for under-
standing fields as different as politics [1], economy [2],
sports [3] and society in general [4]. According to [5] Social
media, having reached their maturity stage, boasts approxi-
mately 4.5 billion users as of the close of 2022. Given this vast
user base, it is unsurprising that these platforms have become
arenas for the clash of diverse beliefs and thoughts. This has
given rise to a phenomenon known as echo chambers, where
similar views reverberate within specific user groups. Echo
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chambers, as per the group polarization theory, typically form
in OSNs, when like-minded users predominantly interact
amongst themselves, rather than engaging with a broader user
base [6].

Echo chambers are not confined to any specific topic;
they span a wide array of subjects, from abortion, gender
and climate change to vaccines, to name just a few topics
of current heated topics [7], [8], [9], [10]. The influence of
these echo chambers is far-reaching, with the potential to alter
national policies and even impact the global population [11],
[12], [13]. Therefore, a detailed understanding of them is
crucial. However, their characteristics remain inadequately
addressed, and even the term itself lacks a clear explana-
tion [14].
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Recent literature has begun to explore the influence of
echo chambers on decision-making, and the society as a
whole [15], [16], [17]. Although it seems that very few have
actually attempted a full review of Echo Chambers. Also,
these studies have limitations that we will mention in the
next section. Therefore, in this study, we tried to have a more
comprehensive view of this issue with a systematic review
and present a greater view to the readers by synthesizing
existing studies and methods. This work underscores the
importance of understanding echo chambers in the context
of broader societal and political trends.

B. OBJECTIVES
In the realm of echo chambers, four primary areas of
concern have been identified: mechanism, modeling, detec-
tion, and mitigation [18]. The systematic literature review
(SLR) conducted in this study specifically targeted research
addressing the first three aspects. We consciously chose to
exclude the issue of mitigation, as our primary objective
is to explore studies centered on the creation and mod-
eling of echo chambers. Moreover, our research findings
suggest that, from certain perspectives, echo chambers may
not pose a threat and thus may not necessitate mitigation.
We have opted for a neutral stance on the phenomenon, pri-
oritizing its identification and analysis over policy-oriented
interventions.

Another challenge lies in the fact that the full effects of
echo chambers are not yet fully understood. There is a lack
of consensus on whether their net effect is detrimental and
significant, or not harmful at all [19].

Echo Chambers, as a broad concept, encompasses many
topics and is influenced by various scientific fields. However,
this phenomenon and its dimensions are not well understood,
and there is no consensus regarding its definition and effects.
Different opinions exist about the causes of its occurrence,
but these opinions are not well organized. Additionally, the
modeling and identification of echo chambers involve a wide
range of methods, which require a more organized classifica-
tion. Therefore, the objectives of this study are as follows:

• Present existing definitions and synthesize them to
achieve a comprehensive definition.

• Provide new insights into the effects of echo cham-
bers, which have previously been limited to destructive
effects only.

• Present the existing mechanisms that contribute to the
creation of echo chambers and highlight their limita-
tions.

• Present the methods that attempt to model and discover
this phenomenon and highlight their limitations.

• Provide new directions for future research.

C. STRUCTURE OF THE PAPER
The remainder of this paper is structured as follows: Section II
presents an overview of surveys conducted on echo chambers.
This is followed by Section III, which provides a detailed

description of the research methodology. Section IV presents
the results of the search process, introduces the classifi-
cation framework, and comparison metrics. Subsequently,
in SectionV, we present and discuss the results of the System-
atic Literature Review (SLR). Section VI provides a critical
review in accordance with the research questions. Finally,
Section VII draws conclusions from the study.

II. OVERVIEW OF SURVEYS ON ECHO CHAMBERS
In recent years, a proliferation of research has emerged,
focusing on the phenomenon of echo chambers [18], [20],
[21], [22]. This study aims to delve into the modeling,
detection, and mechanisms of echo chambers. A comparison
between our study and existing studies in this domain high-
lights the novelty of this study. Table 1 presents criteria by
which our study demonstrates its novelty and discrimination
from existing surveys on echo chambers.

Alatawi et al. in [18] proposed an array of methods for
echo chamber modeling, despite these techniques not being
originally conceived for this specific purpose. They embarked
on a classification of the challenges and issues surrounding
echo chambers, resulting in a four-pronged categorization:
attributes, mechanisms, detection-modeling, and prevention-
mitigation. In a separate study, Terren and Borge [22]
conducted a systematic literature review of 55 studies, scruti-
nizing the existence of echo chambers on social media. Their
research bifurcated into two distinct areas: studies examining
communication and interaction in social media as they relate
to echo chambers, and studies focusing more on content
exposure on social media, a concept closely tied to the filter
bubble phenomenon.

Arguedas et al. in [20] undertook a comprehensive review
of echo chambers, filter bubbles, and polarization within
online social networks. Their analysis of existing literature
led to three key conclusions: firstly, echo chambers are far
less prevalent than commonly believed; secondly, there is
no substantial evidence supporting the existence of filter
bubbles; and thirdly, the role of news media in polariza-
tion presents a complex and mixed picture. Moreover, they
observed a lack of scientific consensus on the definitions
of these terms, noting their frequent misuse in political and
public discourse. Their methodology was primarily descrip-
tive, focusing on recent studies within the social sciences.
However, they refrained from discussing existing models
of echo chambers, stating that their objective was not to
‘‘outline normative positions on these but to summarize the
relevant evidence’’ [20, p. 7]. Interian et al. in [21] offered
an annotated review of measures and reduction methods
concerning network polarization, echo chambers, and filter
bubbles. Their analysis revealed that the volume of research
on echo chambers surpasses that on filter bubbles. However,
their primary focus was on the topic of polarization, with only
6.6% of the 78 papers reviewed addressing echo chambers.
They scrutinized papers that delved into the mathematical or
computational modeling of network polarization.
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TABLE 1. Comparison between this study and other existing surveys.

III. METHODS
Methodology plays a crucial role in conducting a sys-
tematic literature review (SLR) in a systematic manner.
Various methods have been developed for this purpose,
such as the PRISMA Statement [23], [24] and three-phase
methodology employed by [25]. For this study, we have
chosen to follow the approach outlined in the PRISMA
Statement, which is a widely accepted checklist used by
researchers worldwide to guide and inform the development
of SLRs.

A. ELIGIBILITY CRITERIA
Prior to addressing eligibility criteria, it is imperative to
define the research scope. To accomplish this, we employ
the CIMO (Context-Intervention-Mechanisms-Outcomes)
framework, also proposed by Booth et al. [24]. The research
scope of this study is centered on the following research
questions:

RQ1: How do existing studies define echo chambers within
online social networks?

RQ2: What impacts do echo chambers have within online
social networks?

RQ 3: What mechanisms do existing studies propose for
the formation of echo chambers within online social net-
works?

RQ 4: How do existing studies model and detect echo
chambers within online social networks?

RQ 5: What criteria and metrics do existing studies use to
specify echo chambers?

To systematically categorize the selected papers for review,
we have organized these five questions into a hierarchical
classification framework, as illustrated in Figure 1.
In light of these research questions, the components of the

CIMO framework are as follows:
Context: Echo Chambers within online social networks
Intervention: The study and analysis of echo chambers
Mechanisms: The formation, modeling, and detection of

echo chambers within online social networks
Outcomes: The elucidation of the characteristics of echo

chambers
Consequently, the scope of this study encompasses all

research that addresses the modeling, detection, and mech-
anisms of echo chambers within online social networks.

We established four criteria for inclusion: the article must
(1) be published in a peer-reviewed academic research journal
or conference proceedings, (2) be written in English, (3) be
published between 2013 and October 2022, and (4) have its
full text available.

B. INFORMATION SOURCES
Regarding the field of this research and best practices in the
field, five databases were selected for this research including
ScienceDirect, ACM digital library, IEEEXplore, Nature and
Springer.

C. SEARCH STRATEGY
The issue of echo chambers can be explored across various
platforms, including print media, broadcast news, and online
social networks. However, this study selectively focuses on
research that addresses the problem of echo chambers within
online social networks. In alignment with the scope of this
research, we employed the keyword ‘‘echo chamber?’’. The
question mark (?) is interpreted as a wildcard, substituting for
any single character. This is due to the occasional use of the
singular form ‘‘echo chamber’’ in some studies. Given the
myriad combinations of terms relevant to the scope of this

9596 VOLUME 12, 2024



A. Mahmoudi et al.: Echo Chambers in Online Social Networks: A Systematic Literature Review

FIGURE 1. Framework for the literature analysis and classification of echo chambers.

study, we opted to use the single term ‘‘echo chambers’’ to
ensure an efficient and comprehensive search.

The publication statistics for each database are presented
in Table 2.

Figure 2 illustrates the number of publications per year,
revealing a surge in publications over the most recent three
years (2020 to 2022).

FIGURE 2. Publication statistics about echo chambers between 2013 and
2022.

D. SELECTION PROCESS
The search process was refined by reading the abstract and
skimming the content, as a result we selected 57 stud-
ies. After the second round of pruning (in-depth screening
process-reading full text) 28 papers remained for the final

analysis. The PRISMA flow chart diagram shown in Fig 3
represents the process of inclusion/exclusion visually for the
reader.

FIGURE 3. PRISMA flow diagram.
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TABLE 2. Publication statistics.

E. STUDY RISK OF BIAS ASSESMENT
To achieve the ambitious objectives of this research, stringent
project organization and an efficient management strategy
will be essential. The core of this research will follow a two-
cycle process, involving selection studies and synthesis. Risk
assessment will control the output, including the selection of
journals and synthesis, and ensure a continuous monitoring
process. Table 3 presents the anticipated risks of bias, along
with their effects, probabilities, and mitigation methods. The
risk analysis will be regularly updated as part of the selection
phase and synthesis. There are three main biases to consider:
bias in selection studies, bias in selection results, and bias in
synthesis. The first bias refers to any potential bias that may
occur during the selection of studies. The second bias pertains
to any bias that may arise during the selection of results
from each study. The final bias is associated with synthesis,
which holds significant importance as it can determine the
overall quality of this article. This bias refers to instances
where the researcher may exhibit bias in adapting each
study to the synthesis and interpreting it based on their own
perspective.

F. CRITERIA FOR QUALITY ASSESMENT
To assess the quality of the papers, we established a set
of criteria outlined in Table 4 and applied them to all the
papers selected for inclusion in our review. Each study was
evaluated on a three-point scale: ‘‘yes,’’ ‘‘partly,’’ and ‘‘no,’’
with corresponding numerical values assigned to quantify
them as 1 for ‘‘yes,’’ 0.5 for ‘‘partly,’’ and 0 for ‘‘no.’’ Addi-
tionally, each criterion was assigned a weight coefficient as
shown in Table 4, indicating its relative importance. The final
quality score represents the overall assessment of the study’s
quality. The computation of the final quality score is based on
equations (1) and (2).

QAp1 =

∑4

i=1
QiWi (1)

QAoverall =

∑n
i=1QApi
n

∈ [0, 6] (2)

Here, ‘n’ is the number of papers, QApi represents the
quality value of the ith paper, Wi denotes the weight of each

FIGURE 4. (a) distribution of papers in the five mentioned databases,
(b) database distribution focusing on addressing echo chambers’
mechanisms, (c) database distribution focused on addressing echo
chambers’ modeling, and (d) database distribution pertaining to
addressing echo chambers’ detection.

criterion, and,Qi as the value of the ith criterion is considered
for each paper, with assigned values of 1, 0.5, or 0.

The overall score is 4.30, and Appendix III displays the
value of each paper concerning the criteria defined in Table 4.

IV. RESULTS
In this section, we aim to organize and cluster the papers
that we have selected for final review. This classification
will assist the reader in understanding the applicable field of
each paper within echo chambers studies. Based on the five
research questions proposed in section III, we have outlined
the five corresponding classifications below.

A. DATABASE CLUSTERING
Apreliminary classification is based on the databases we used
to address the three main parts of this systematic review:
mechanism, modeling, and detection. We have provided a
pie chart in Figure 4(a) to display the statistical distribu-
tion of papers across the five aforementioned databases.
Additionally, Figure 4(b) illustrates the database distribution
regarding the addressing of echo chambers mechanisms,
while Figure 4(c) depicts the database distribution in rela-
tion to echo chambers modeling. Furthermore, Figure 4(d)
presents the database distribution concerning echo chambers
detection.
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TABLE 3. Risk assessment.

TABLE 4. Quality assessment criteria.

B. CLASSIFICATION BASED ON ECHO CHAMBERS
CHARACTERSTICS
A classification can be based on studies that aim to propose
a definition addressing the three main components of echo
chambers: 1) the formation of a group by like-minded indi-
viduals, 2) the prevalence of interactions within the group
compared to interactions with users outside the group, and
3) the reinforcement of beliefs within the group. An echo
chamber can be defined as a group possessing these three
characteristics, which pertain to semantic, structure, and rein-
forcement in echo chambers, respectively. The distribution of
studies related to this particular classification is presented in
Table 5. To enhance readability, Figure 5 provides a bar chart
that elaborates on the information contained in Table 5, which
is likely to be more visually appealing for the reader.

FIGURE 5. The distribution of papers by definition, based on the three
main components of echo chambers that are used to define them, along
with their corresponding frequencies.

C. ECHO CHAMBERS EFFECT
Echo chambers have diverse effects on networks, ranging
from the spread of misinformation such as fake news and
rumors to contributing to economic inequality. Figure 6 high-
lights the well-known and highly cited effects identified by
each study.

FIGURE 6. Papers distribution by effect.

D. MECHANISM
Several mechanisms that contribute to the formation of echo
chambers have been introduced, and these approaches are
classified into four main categories, as outlined in Table 6.
These mechanisms include computational-based approaches,
structural-based approaches, approaches based on social sci-
ence theories, and approaches based on cognitive science.

It is important to note that when we classify a mechanism,
such as a social science-based approach, it indicates that these
features are extensively utilized to construct a model that
gives rise to echo chambers. In other words, computational
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TABLE 5. Each study and components of echo chambers.

approaches employ these features to form echo chambers in
OSNs, and these approaches play a dominant role.

E. MODELING AND DETECTION
Table 7 highlights the approaches for modeling and detecting
echo chambers. In section V, we delve into a detailed discus-
sion of these approaches.

Additionally, given the powerful role of machine learning,
especially deep learning techniques, in certain downstream

TABLE 6. Mechanisms classification.

TABLE 7. Modeling and detection classification.

tasks within echo chamber studies, we have highlighted the
techniques used by existing studies for specific purposes,
as shown in Table 8. Detailed discussions will be provided
in Section V.

TABLE 8. Machine learning and deep learning techniques which used in
echo chambers.

F. METRICS AND CRETERIA TO SPECIFY THE ECHO
CHAMBERS
During this study, we realized that one of the important
limitations of existing studies is the lack of a solid metric
to specify echo chambers. This means that existing studies
mostly do not provide a metric to measure echo chambers.
In this part, we provide a list of studies that measure echo
chambers effectively with a solid metric. However, in the next
section, we discuss this issue in detail. Table 9 showcases
each study and its metric for addressing echo chambers,
focusing on the threemain components of each echo chamber.
The last column, labeled ‘‘Diverse leaning values,’’ indicates
whether the relevant study considers diverse leaning values.
If the study only addresses a bipolar leaning value (e.g., -1
and 1), it is denoted by a × symbol.
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TABLE 9. Metrics of measurement echo chambers.

V. DISCUSSION
In this section, we delve into the results obtained from the
previous section, highlighting their significance in relation to
the scope of this study and the research questions posed.

It is important to note that the categorization of mecha-
nisms differs from that of modeling and detection. Before
delving into the existing approaches, it is crucial to emphasize
the distinction between mechanisms and modeling, as the

concept of detection is relatively straightforward. According
to the definition provided by Boyraz et al. in [56], a mecha-
nism refers to a process, technique, or system that facilitates a
specific outcome—in this case, the formation of echo cham-
bers. On the other hand, a model pertains to the internal
dynamics that illustrate how various components interact
within a system. To visualize the echo chambers ecosystem,
Figure 7 has been included.

FIGURE 7. Echo chambers’ ecosystem.

With this distinction in mind, we have classified the
methods that contribute to the formation of echo cham-
bers as mechanisms. Conversely, methods that elucidate the
relationships between variables within echo chambers are
categorized under modeling and detection.

A. RQ1: HOW DO EXISTING STUDIES DEFINE ECHO
CHAMBERS WITHIN ONLINE SOCIAL NETWORKS?
In our introductory section, we highlighted the inadequacy
of the existing definitions of ‘‘echo chambers’’. Precise
terminology in scientific studies is vital to prevent misunder-
standings and misconceptions about a subject [57]. Without a
comprehensive explanation of this term, a full understanding
of all its facets remains elusive. We collected the definition
of each study about echo chambers as shown in Table 10.
To assess the effectiveness of existing definitions, it is nec-
essary to establish a pivot definition. Therefore, based on
the results of the existing definitions, the interpretation of
previous studies, and an analysis of the function of echo
chambers, we have arrived at a reference definition:
Definition 1 (echo chamber): An echo chamber is a

phenomenon prevalent in online social networks,
characterized by like-minded users predominantly inter-
acting with each other. Within these echo chambers,
users express and reinforce their beliefs on specific issues,
thereby amplifying their shared viewpoints.

Our definition encompasses three fundamental aspects of
echo chambers:

1. They are formed by like-minded users who share
similar beliefs and perspectives.

2. These users tend to interact more frequently with
each other compared to interactions with users outside
of the echo chamber.
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TABLE 10. ECHO chambers definition by studies.

3. Within these chambers, beliefs are reinforced through
the echo chamber dynamics, leading to a reinforce-
ment of existing viewpoints.

When conducting a study on echo chambers, it is important
to address these key elements. The mentioned characteristics
relate to the semantic (shared beliefs), structure (interaction

patterns), and reinforcement (strengthening of beliefs) within
echo chambers, respectively.

As described in Table 10, various researchers have pre-
sented different perspectives on the term ‘‘echo chamber.’’
These definitions are crucial as they reveal the researchers’
viewpoints on this phenomenon. A comparison between
Table 10 and Table 5 demonstrates that studies present-
ing definitions that consider semantic incorporate terms
such as ‘ideological segregation,’ ’like-minded individuals,’
‘opinion in a closed social system,’ ’group of highly polar-
ized ideas,’ ‘similar content,’ ’like-minded neighbors,’ ‘same
opinion group,’ ’similar opinion,’ ‘value-congruent ideas,’
and ‘ideologically-aligned peers.’ These definitions explicitly
address the semantic aspect of echo chambers, as shown in
Table 5.
On the other hand, studies employing terms that convey

the meaning of interaction within groups (echo chambers),
such as ‘closed network,’ ’closed system,’ ‘distinct groups,’
’repeated exposure to similar contents,’ ‘activity of their
neighbors,’ ’transmission of information among groups,’
‘communicate,’ ’smallest network structure,’ ‘interact with
little exposure to different viewpoints,’ and ‘interact onlywith
ideologically aligned,’ predominantly address the structural
component in their approach. Furthermore, studies utilizing
terms that convey the meaning of reinforcement, such as
‘amplified beliefs,’ ’reinforce each other’s pre-existing opin-
ions,’ ‘amplify opinion,’ and ‘amplification process,’ mainly
address the aspect of reinforcement within echo chambers.
However, there are studies that do not explicitly provide
a definition but address the components of echo chambers
within their context, and vice versa.

B. RQ2: WHAT IMPACTS DO ECHO CHAMBERS HAVE
WITHIN ONLINE SOCIAL NETWORKS?
The literature presents two interpretations of the echo cham-
ber effect. The first interpretation considers echo chambers
as a phenomenon that arises within online social networks.
The second interpretation encompasses the consequences of
echo chambers, such as polarization, the spread of fake news,
rumors, and other related issues. In this review, we adopt the
latter perspective

Through our analysis, we found that the majority of exist-
ing studies in this review explicitly or implicitly view echo
chambers as harmful, while the remaining studies do not
provide a clear stance on the matter. The studies we reviewed
highlighted that the primary effect and implication of echo
chambers in online social networks is polarization and rad-
icalization [28], [30], [31], [34], [39], [40], [42], [43], [44],
[47], [49], [51], [52].

The prevailing viewpoint in these studies is that echo
chambers are characterized by polarized groups. In fact, most
existing studies define echo chambers in terms of two groups,
such as red and blue, conservative and democrats, or majority
and minority. Thus, it becomes apparent that based on this
assumption, the effect of echo chambers is polarization. How-
ever, in the real world, there is an infinite number of echo
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chambers, as there exist infinite real numbers between -1 and
1. Polarization can be considered as a type of echo chamber
(bipolar and unipolar), but it can also be seen as segregation
within diverse groups.

Some studies [34], [41], [43] observed polarization in their
research through experiments, while [47] observed polariza-
tion as an effect of echo chambers through an experiment
conducted on Twitter data related to the 2020 US election.
However, it should be noted that this conclusion is two-fold,
meaning that they consider this segregation as an echo cham-
ber. This issue poses a challenge in echo chamber studies,
particularly in those studies that equate polarization with
echo chambers. In reality, it should be recognized that in
this scenario, polarization is not an effect of echo chambers,
but rather polarization itself leads to the formation of echo
chambers.

The second effect of echo chambers, as indicated by exist-
ing studies, is the spreading ofmisinformation, including fake
news and rumors [27], [29], [31], [35], [38], [41], [45], [46],
[47], [50], [53]. However, most of these studies do not provide
experimental results on real data to demonstrate this effect,
even theoretically, such as [31], [38], [41], [46], and [47].
For instance, [31], [38], [41], [46], [47] merely mention that
polarization and the spread of fake news can be side effects
of echo chambers.

Diaz-Diaz et al. in [35] report two side effects of echo
chambers, namely misinformation and information transmis-
sion bias. For the former, they refer to another work, while
for the latter, they observe this effect through experimental
results on real data. Al Atiqi et al. in [45] attempt to explore
the relationship between misinformation spreading and echo
chambers through an experiment conducted on a random
network. Asatani et al. in [50] examine misinformation in
the form of fake news and attempt to understand information
spreading by analyzing Japanese tweet texts. Using quanti-
tative analysis and statistics, they examine the behavior of
each echo chamber in terms of retweets and replies, ulti-
mately highlighting the role of influencers in each community
for information dissemination. Cota et al. in [53] employ
information propagation models to examine how information
spreads within an echo chamber. They utilize a SIS model
and tweet data related to the impeachment process of the for-
mer Brazilian President in 2016. Their experimental results
demonstrate the relationship between political position and
spreading capacity.

In addition to polarization and misinformation, some other
effects have been reported. Madsen et al. in [36] suggest
that echo chambers lead to conspiratorial thinking, although
they do not provide specific characteristics for this effect.
In contrast, Asatani et al. in [50] observed this behavior
in their study and report that ‘‘co-reply/retweet core users
radically use offensive words and claim conspiracy theories.’’
Ge et al. in [32] addressed another effect of echo chambers,
which is isolation. They observed this effect through experi-
ments conducted on real-world data, where users, guided by a
recommender system, fall into echo chambers and find them-

selves in isolated groups of items. Another important effect is
inequality, which is mentioned by [48], although there is no
specific observation provided through experimentation.

It is worth noting that while these effects are discussed
in the literature, some of them lack concrete experimental
observations to support their claims.

C. RQ3: WHAT MECHANISMS DO EXISTING STUDIES
PROPOSE FOR THE FORMATION OF ECHO CHAMBERS
WITHIN ONLINE SOCIAL NETWORKS?
As discussed in section IV, there are four main categories
of mechanisms that contribute to the formation of echo
chambers: computational (algorithmic), cognitive systems,
structural, and social science theories. In this section, we will
delve into the significance and limitations of existing studies,
while also addressing any limitations that may be present.

It is important to note that studies often incorporate a
combination of approaches, although the role of one approach
may be more prominent than others. For example, a study
might consider the concepts of confirmation bias, structural
factors, selective exposure, and homophily. However, in some
cases, the role of selective exposure might be stronger com-
pared to the other three approaches.

By analyzing the significance and limitations of existing
studies, we can gain a comprehensive understanding of the
mechanisms behind echo chambers and their impact on social
dynamics.

1) COMPUTATIONAL APPROACHES
This approach comprises three elements:

• Recommender algorithms play a crucial role in consoli-
dating similar beliefs or interests around specific items,
products, or topics. These algorithms contribute to the
formation of echo chambers by suggesting content that
aligns with users’ existing preferences and reinforcing
their beliefs.

• Information propagation modeling plays a significant
role in situating network users within echo chambers.
By studying how information spreads within a network,
researchers can understand the mechanisms that lead to
the formation and maintenance of echo chambers.

• Opinion dynamic models guide the evolution of beliefs
within a network. These models take into account fac-
tors such as homophily and selective exposure, which
result in like-minded individuals being grouped together.
By studying opinion dynamics, researchers can gain
insights into the mechanisms that contribute to the for-
mation of echo chambers.

By considering these three elements, researchers can gain
a deeper understanding of how recommender algorithms,
information propagation, and opinion dynamics interact to
shape the formation and dynamics of echo chambers within
a network.

As mentioned, one mechanism that leads to the formation
of echo chambers is the use of recommender systems, which
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are artificial methods based on algorithms. The question
arises of how these recommendations influence user prefer-
ences and behaviors, ultimately resulting in the formation of
echo chambers. There are two main approaches to demon-
strate the effect of recommender systems on the creation of
echo chambers:

1. Experimental Results on Real Data: Researchers can
conduct experiments using real-world data to study the
impact of recommender systems on the formation of
echo chambers. They can analyze user behaviors and
preferences in the presence of personalized recommen-
dations and measure the presence of echo chambers
using relevant metrics. By observing how recommen-
dations influence user interactions and the resulting
formation of echo chambers, researchers can gain
insights into the mechanisms at play.

2. Theoretical Modeling and Synthetic Datasets: Another
approach involves conducting theoretical studies using
synthetic datasets. Researchers can design models that
simulate the behavior of users and tune relevant param-
eters to observe the emergence of echo chambers in
the data. While this approach may not directly utilize
real-world data, it allows researchers to understand the
fundamental mechanisms and dynamics that contribute
to the formation of echo chambers under controlled
conditions.

By employing these approaches, researchers can explore and
evaluate the influence of recommender systems on the cre-
ation of echo chambers, both through empirical analysis of
real data and through theoretical modeling and simulations.

The study conducted by Ge et al. in [32] provides empir-
ical evidence of the effect of recommender systems on the
presence of echo chambers. In their research, they con-
ducted an experiment on Alibaba & Taobao, which are
popular e-commerce platforms. By analyzing user interac-
tions and behaviors within these platforms, Ge et al. in [32]
aimed to detect the presence of echo chambers. They likely
investigated how recommender systems influenced users’
preferences, choices, and interactions, which ultimately con-
tributed to the formation of echo chambers.

They implemented clustering on user embeddings and
measured the change in user interests (referred to as the
echo chamber effect) using cluster validity indexes (in this
case, the Calinski-Harabasz index) and the Adjusted Rand
Index (ARI). Stoica and Chaintreau in [31] used the sec-
ond approach, they implicitly analyze the dominance of a
group under certain parameters such as homophily and item
acceptance. They created a network model on social media
in which items are content, tweets, and so on. The network
is created based on Minority-majority partition, item cre-
ation, reposting parameter and homophily parameter. They
also created a recommendation model, which is an extended
version of the network model with added recommendation
parameters. To show the effect of recommendation they com-
puted the expected degree of one side under recommendation

parameter and without it. They observed recommendations
exacerbate the gap between these two subgroups.

Information propagation models form another category
within the computational approach to understanding echo
chambers. In this type of mechanism, the focus is on exam-
ining how information spreads over a network and how it
contributes to the formation of echo chambers. Researchers
define various parameters and simulate the propagation pro-
cess to observe the dynamics of information dissemination.
However, it is important to note that the explicit conclusion
regarding the presence of echo chambers may not always be
the primary objective of these information propagation mod-
els. Instead, the primary focus may be on studying the mech-
anisms of information diffusion and the factors that influence
its spread within a network. The presence of echo chambers
may be implicit within these models, as they aim to under-
stand the patterns and dynamics of information flow rather
than explicitly identifying and characterizing echo chambers.

Diaz-Diaz et al. in [35] analyzed information transition
bias and focused on differences in the transmission induced
by intrinsic properties of the node that emits and/or receives
the information in the network. They showed that hybrid
contagion leads to three information transmission biases:
emissivity bias, receptivity bias, and echo chamber bias.
They defined two groups as the majority and minority. The
combination of Simple and Complex Contagion (Hybrid
Contagion) leads not only to strong emissivity biases for a
wide range of homophily but also to the emergence of echo
chambers in the homophilic regime. They experimented with
their model on a real-world network (a network of scientific
citations) and found an echo chamber effect on information
transition (echo chamber bias). Their model shows that algo-
rithms can form echo chambers in the network, where hybrid
contagion models for information propagation create echo
chambers. In essence, they demonstrated that as homophily
parameters increase, echo chambers emerge, and information
cannot be transmitted between groups.

The third subcategory ofmethods within the computational
approach is opinion dynamic-based models. They typically
consist of two main components: activation mechanisms and
sorting algorithms.

• Activation mechanisms in opinion dynamic-based mod-
els encompass two processes:

• Broadcast: This process involves individuals expressing
their opinions or sharing information with others in the
network.

• Update Opinion: This process involves individuals
updating their opinions based on the information they
receive from others.

• Sorting algorithms play a crucial role in these models as
they determine the selection of opinions on a timeline.

Botte et al. in [40] analyzed the role of local clustering,
community structure, and filtering algorithms (for updat-
ing opinion) on echo chambers and tested their models
on different random networks with varying community
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structures and numbers of clusters. Their experimental results
show that the model with higher clustering results in signifi-
cantly larger echo chambers compared to models with lower
clustering. Therefore, they concluded that local clustering
plays a crucial role in the formation of echo chambers, while
the community structure alone is relatively less important.
They also discovered that increasing the stubbornness level
decreases the size of echo chambers with the PR algorithm
(where opinions are ordered based on the current opinion of
individual i). Conversely, using REC (where the Smost recent
posts in the hidden timeline Li(t) are utilized) increases the
sizes of echo chambers. Furthermore, when they conducted
experiments on empirical datasets, the results indicated that
in the absence of stubbornness, the number of echo chambers
is significantly lower in empirical structures. A notewor-
thy finding was that, without stubbornness, echo chambers
are mostly not formed. However, there seems to be a con-
tradiction between the experimental results obtained from
empirical data and random networks.

Similar to previous study Perra and Rocha’s aim to provide
a model that demonstrates the impact of social interactions
and algorithmic exposure on user and group opinion dynam-
ics [33]. Their model consists of three main components:
1) the social network structure, 2) an activation mechanism
3) an algorithmic filtering mechanism. The authors found
that individuals adopt opinions based on the viewpoints
they are exposed to, and algorithmic filtering can influence
the sharing and distribution of opinions. Their experimental
results reveal that in networks with high clustering, strong
polarization emerges when considering different filtering
algorithms. In general, their study demonstrates varying
levels of polarization and the presence of echo chambers
depending on the network model and filtering algorithm
employed. For example, echo chambers appear in the LA
network (regular lattice) which exhibits no clustering but has
strong spatial correlations. The emergence of echo chambers
is observed with different distributions in networks such as
Watts-Strogatz and LA.

Some researchers have addressed the formation of echo
chambers by considering the source of information. One of
the primary sources of information is news, which has the
power to influence and change opinions. Prasetya andMurata
in [41] proposed a model in which opinion dynamics are
influenced by news propagation, specifically focusing on
selective exposure and the presence of partisan news items.
The underlying concept of their model is the propagation of
news in online social networks (OSNs), leading to changes in
users’ opinions. They formulated the probability of success-
ful propagation based on connection strength and a function
that represents the influence of opinion similarity growth.
Their model considers several factors such as nodes’ opin-
ions, connection strength, news items’ opinion scores, sets of
initial spreader nodes for each news item, and update rates
for opinions and connection strength. The behavior of their
formula can be summarized as follows: the probability that
a neighbor v of user u will accept a piece of news i with a

certain opinion is a combination of the strength of their con-
nection and the similarity between their opinions. Although
opinion dynamic is the basis of their model, they highlight
the role of network structure as well. Their experimental
results on Twitter data demonstrate that the combination of
a high clustering coefficient and a low average shortest path
length leads to increased susceptibility to polarization. They
concluded that opinion polarization occurs simultaneously
with the segregation of the news propagation structure, which
is reflected by strong edges in the network. This segregation
ultimately leads to the formation of echo chambers.

Ferraz de Arruda et al. in [39] presented an opinion
dynamic model for social networks, where users generate
posts that are selectively received by their neighbors based
on social network algorithms. The model considers two sce-
narios: neighbors either update their opinions in response
to the post (attraction) or strongly disagree and rewire their
friendship (repulsion). By running their model, the authors
observed the emergence of echo chambers. They found that
high polarization in opinions is a fundamental factor in the
formation of echo chambers. The authors also emphasized
the role of a rewiring strategy in shaping echo chambers.
While their model mainly focuses on bipolar echo cham-
bers, it should be noted that in some cases, echo chambers
can exist with numerous groups exhibiting different polarity
values. Overall, the model proposed by [39] is intriguing,
but it primarily addresses echo chambers characterized by
two polarized groups. It is important to recognize that echo
chambers can manifest with varying degrees of polarity and
encompass multiple distinct groups.

2) COGNITIVE SYSTEM
In this section, we will review studies that focus on the
human cognitive system. Formulating psychology theories in
computer science applications is of great importance. One
such theory in psychology is confirmation bias, which some
researchers have attempted to utilize in addressing the issue
of echo chambers. Brugnoli et al. in [34] serves as an example
where confirmation bias was employed. They used this term
and conducted experiments using real data to explore its
effects. They explored confirmation bias through two bases:
challenge avoidance and reinforcement seeking. They con-
ducted their research using two categories of news, namely
conspiracy news and science news, on Facebook pages. Their
study found that users tend to consume content that aligns
closely with their beliefs. Most users exhibit high polariza-
tion, and ‘‘polarized users not only tend to surround them-
selves with friends who share similar belief systems, but they
also actively engage within the same community pages’’ [34].
The authors also demonstrated the effect of the reinforcement
seeking mechanism, which limits the influence of neighbors
and drives content diffusion within like-minded groups.

Baumgaertner and Justwan in [42] examined the influence
of biased assimilation and motivated reasoning in the forma-
tion of echo chambers. In their model, an agent updates its
beliefs based on the beliefs of its friends. When presented
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with a belief, agents with empty beliefs may adopt it if it
aligns with their ideology. If the belief is incongruent with
their ideology, they adopt it with a probability of 1 minus
the motivated bias. The authors simulated different levels of
motivated bias, including 0, 0.25, 0.5, and 0.75, with each
parameter setting being simulated 200 times. In their model,
motivated bias serves as a mechanism of exclusion, which
contributes to the formation of echo chambers. Motivated
reasoning occurs when individuals actively seek reasons to
support their existing beliefs and reject facts that do not
align with their beliefs. The study concluded that social
media platforms can facilitate and exacerbate polarization.
The authors also highlighted the presence of epistemic com-
munities, where individuals tend to connect with like-minded
people who share a similar mindset. Furthermore, Jasny et
al. in [37] emphasized the role of two components, namely
the homogeneity of information (the ‘‘echo’’) and multi-path
information transmission (the ‘‘chamber’’), in the formation
of echo chambers among US climate policy makers.

3) STRUCTURAL
During our review of existing studies, we made a significant
observation regarding the role of network structure in the
mechanisms of echo chambers. It became evident that the
network structure itself acts as a mechanism for the creation
of echo chambers. This finding holds immense importance
because it suggests that, regardless of other approaches
employed, the inherent structure of the network tends to
facilitate the formation of echo chambers within it. In this
regardMadsen et al. in [36] argue that social networks alone
are causally sufficient to promote the formation of echo
chambers. They attempt to address the question of whether
echo chambers can emerge even in idealized conditions
where equal, rational, and honest Bayesian agents are present.
The authors demonstrate that in large social networks, agents
tend to develop high levels of confidence in their own views
and disregard interactions with agents who hold differing
opinions. This behavior ultimately leads to the emergence of
echo chambers. The experimental results indicate that, after
several iterations, agents converge towards the objective truth,
resulting in maximum belief purity. However, it should be
noted that the results are valid for a synthetic randomnetwork.

4) SOCIAL SCIENCE THEORIES
The role of the social science category, particularly the con-
cept of homophily, is highly significant in understanding echo
chambers. As discussed in section IV, echo chambers can
be seen as a manifestation of homophily, where like-minded
individuals tend to form groups and reinforce their existing
beliefs. In this regard Starnini et al. in [38] conducted an
analysis on the emergence of meta-populations and echo
chambers using a mobile agent model. They defined three
parameters: homophily, social influence, and confirmation
bias. Confirmation bias was operationalized through a param-
eter of bounded confidence, which assumed that individuals
would not interact with others whose opinionswere dissimilar

to their own. The individuals interacted with each other in a
square box, representing a 2D space, with randomly assigned
opinion values. The study concluded that different values
of the parameters resulted in different group structures. For
instance, when the confirmation bias was at its maximum
value (equal to 1), a stable group with an echo chamber
emerged, where individuals ignored each other within the
same spatial group. The authors investigated the behavior of
the groups and the movement of their members by varying
the aforementioned parameters.

Sasahara et al. in [43] conducted a study that employed
a combination of approaches to analyze the formation of
echo chambers. Their model showcased how confirmation
bias, social influence, and selective exposure contribute to
the creation of these chambers. They incorporated a bounded
confidence distance, which represents the difference between
an individual’s opinion and the opinion of messages received
from friends. The authors developed a model that considers
opinion dynamics and the rewiring of social ties. However,
there are two key components in their approach. Firstly, their
opinion model assigns continuous values, and unfriending
is based on the concept of bounded confidence. Secondly,
when rewiring links, they do not necessarily select nodes
with concordant opinions. However, it is evident that when
their model incorporates bounded confidence to determine
concordant opinions, users with similar opinions form con-
nections while unfriending dissimilar friends. This process
ultimately leads to the formation of echo chambers. The
authors demonstrated that with a bounded confidence value of
0.4, irrespective of rewiring and social influence, like-minded
users cluster together. They stated that ‘‘The joint effect of
social influence and rewiring accelerates the joint emergence
of both polarization and segregation’’ [43]. The study empha-
sized the significance of selective exposure and unfollowing
in the formation of echo chambers, rather than the specific
mechanism by which individuals select new friends to follow.
The rewiring strategy also influences the development of
closed social triads, which serve as the smallest unit of an
echo chamber. Agents adjust their opinions based on their
connected users (social influence) and rewire their ties based
on shared opinions (social selection). Disagreement-driven
unfollowing is identified as a sufficient rewiring condition
for the emergence of echo chambers. Additionally, the study
revealed an interesting result that triadic closure connects
individuals to friends of their friends, reinforcing beliefs and
behaviors.

Table 11 briefly presents the characteristics of studies that
address the mechanism of echo chambers.

D. RQ4: HOW DO EXISTING STUDIES MODEL AND DETECT
ECHO CHAMBERS WITHIN ONLINE SOCIAL NETWORKS?
As presented in section IV, there are several main approaches
for modeling and detecting echo chambers. These approaches
include: Content based, Information propagation based, Met-
ric based, Opinion dynamic based, Polarization based and
Topology based.
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TABLE 11. Modeling and detection studies.
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TABLE 11. (Continued.) Modeling and detection studies.

1) TOPOLOGY BASED (STRUCTURAL)
The structural-based approach refers to a situation where the
network’s structure itself reveals the presence of echo cham-
bers. Some studies aim to establish a connection between
the study of echo chambers and community detection. These
studies view the concepts of echo chambers and com-
munities as synonymous or closely related. For example,
Tsai et al. in [52] introduced the concepts of ‘‘echoers’’ and
‘‘bridgers’’ as two social mediators to analyze information
flow within and between communities. They constructed
three networks based on retweets, mentions, and replies to
examine communication patterns. The retweet and mention
networks exhibited a highly modular structure, characterized
by the presence of several large clusters with a high degree of
political homophily. These networks suggested the potential
formation of echo chambers, primarily consisting of ideolog-
ically similar users. Del Vicario et al. in [49] investigated
the structural evolution of interest-based communities on
Facebook by examining users’ emotions and engagement.
They focused on two groups, namely conspiracy and science
communities, and defined echo chambers as polarized groups
of users. Their analysis explored sentiment analysis and
activity within these echo chambers. The findings revealed
that users’ emotions were influenced by their engagement
within the echo chambers, with more active users displaying

a higher tendency to express negative emotions in their com-
ments. Their work’s success relies significantly on sentiment
analysis and the identification of polarized groups based
on user comments’ sentiment, making sentiment classifica-
tion a pivotal part of their approach. They employed two
linear-kernel Support Vector Machines (SVMs) specifically
trained to differentiate extreme classes (negative and posi-
tive) and combined neutral classes (neutral plus positive and
neutral plus negative). During prediction, agreement between
both classifiers yields the common class; otherwise, in case of
disagreement, the assigned class is neutral. Deploying SVM,
a state-of-the-art supervised learning algorithm, involves a
four-step process: manual sentiment annotation of a text sam-
ple, training and fine-tuning the classifier using the labeled
set, evaluation on an independent test set or through cross-
validation, and application to the entire set of texts.

Indeed, segregation is closely related to the structure of
a network and plays a significant role in the formation of
echo chambers. If we can quantify the level of segregation
within a network, it becomes possible to model and analyze
the formation of echo chambers. Chkhartishvili and Kozitsin
in [55] proposed a binary separation index (BSI) to quan-
tify the level of separation or echo chamber formation in a
network. The BSI is based on the number of users and the
number of information sources. The authors defined two sets
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of information, I1 and I2, and two sets of users, U1 and U2,
where each set is exclusively connected to one information
source. They introduced coefficients, α =

|U1|
U , β =

|U2|
U

and defined the BSI as BSI = 4 ∗ α ∗ β. The BSI provides
a measure of separation in the network, with a higher value
indicating a stronger echo chamber effect.

Luo et al. in [48] aimed to propose a model for con-
trolling segregation and echo chambers by promoting inter-
community interactions. They devised a game setting where
users were provided with external incentives to establish
connections with members of other communities. The study
defined two groups, namely the red and blue groups, and
introduced a segregation measure based on the ratio of edges
between the two communities (R and B) to the number
of nodes in each community. This measure resembled the
boundary connectivity measure. The authors presented the
Algorithmic Recommendation Mechanism (ARM) as their
model, drawing inspiration from the weak ties theory. ARM
featured a utility function, and the objective was to maxi-
mize this utility by encouraging interactions between nodes
belonging to different groups. They demonstrated that their
model effectively mitigated segregation, as indicated by the
segregation measures. The study’s opinion dynamics model
was based on the work of [58], which focused on learning
from social feedback. In this model, users considered alter-
native views based on the social feedback expressed within
their group. Opinion dynamics operated through acceptance
probabilities. The results of the study illustrated that the ARM
method effectively controlled segregation.

2) POLARIZATION BASED
A majority of studies related to echo chambers consider two
polarized groups as echo chambers. We discussed in detail
this assumption is not true. Asatani et al. in [50] examined
the role of core nodes and influencers in information spread-
ing and the formation of echo chambers using a dataset of
42 million Japanese Twitter users. They employed the Leiden
clustering algorithm to identify highly polarized clusters,
which they referred to as echo chambers. Their measure for
the presence of echo chambers was based on polarization. The
study observed that a majority of tweets, replies, and retweets
were confined within the same echo chambers. The authors
suggested that densely connected and highly influential core
nodes exist within echo chambers, and they found that bias
reinforcement in the social network can be explained by
repeated cascades of information. The results also highlighted
the significant role of core nodes in information spreading
within echo chambers. Additionally, the study identified a
strong connection between top influencers and the spread of
information by core users, leading to the formation of homo-
geneous opinion regimes. Furthermore, the findings indicated
that influencers within each echo chamber contributed to
creating a negative atmosphere within the community, while
core users tended to engage early in information cascades.

Sikder et al. in [51] approached the problem by formulating
it as a graph of agents seeking ground truth on a binary

statement while receiving signals from various sources. The
authors considered two types of agents: biased and unbi-
ased. Biased agents had a confirmation bias parameter that
allowed them to distort information, while unbiased agents
received information from their neighbors without distor-
tion. Experimental results demonstrated that biased agents
were responsible for polarizing unbiased agents. The authors
defined echo chambers as groups of unbiased agents sur-
rounded by biased agents, where the unbiased agents held
information sets that were unrepresentative of the broader
network’s information. They further showed that the fraction
of agents within the echo chamber increased with higher
confirmation bias and decreased with increased social con-
nectivity.

Luo et al. in [47] conducted a study that incorporated
both the composition of like-minded user groups and the
structure of these groups, with a focus on utilizing the concept
of Markovian processes. By employing the Hidden Markov
Bridge (HMB), their experimental results demonstrated its
superior performance compared to the HiddenMarkovModel
(HMM) in predicting segregation within social networks.
The study applied this approach in the context of social
media marketing scenarios, where the relationship between
companies and customers was modeled as a Markov Bridge
(MB). The authors implemented an HMB filter to estimate
inter-community distance based on observed edge weights,
sampled observations, and additive Gaussian noise. The
HMB filter outperformed the hidden Markov chain filter
in terms of mean-squared error. Additionally, the authors
utilized MB to predict the level of echo chambers in a Twit-
ter dataset that contained tweets related to the 2020 U.S.
presidential election. They employed the HMB filter to esti-
mate the polarization score based on observed interactions
between users. The observations were based on the ratio of
the number of interactions within each group to the total
interactions. Boundary connection measures were used to
capture the interaction patterns between the two major politi-
cal parties, Republicans andDemocrats, over a 28-day period,
with 30 days of data used for training purposes.

3) OPINION DYNAMIC BASED
One of the common methods in modeling and mechanism
is the methods based on opinion dynamics. Kozitsin and
Chkhartishvili in [44] developed an agent-based model to
address echo chamber problems, emphasizing the role of
polarization systems within social networks. They employed
the DeGrootian opinion dynamic [59] in their study to update
agent opinions. After a number of iterations, the system
exhibited two states: consensus, where the difference between
the highest and lowest opinions was less than 0.05, and
fragmentation. The authors conducted experiments on two
synthetic networks, where each agent’s initial opinion was
randomly assigned from a uniform distribution between 0 and
1. They found that more active users had a greater tendency
to enter echo chambers. Their hypothesis suggested that
highly active users provide personalized systems with more
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information about their preferences, leading to an increased
likelihood of entering echo chambers. They highlighted the
importance of accessing cross-ideological content to model
echo chambers, suggesting that detecting a group of agents
lacking access to such content could be indicative of the
presence of echo chambers.

4) CONTENT BASED
Content in OSNs can be used as a rich source to identify
semantic, which is one of the three main components of echo
chambers. Therefore it is possible to detect echo chambers
and model it based on content. One of the methods to identify
content is the user’s stance. Küçük and Fazli in [60] defined
stance detection as a classification problem where the goal is
to determine the stance of the author towards a specific target,
using a category label from the set {Favor, Against, Neither}.
There are two subclasses of stance detection: multi-target
stance detection, which deals with situations involving multi-
ple targets and aims to detect the author’s stance towards each
target, and cross-target stance detection, which involves hav-
ing stance annotations for different targets. Stance detection
plays a crucial role in various areas such as rumor detection,
fake news detection, and any study that aims to understand
users’ positions on specific issues. In the context of echo
chambers, stance detection can be employed to compute
users’ leaning or polarity regarding a targeted topic. Overall,
stance detection offers valuable insights into understanding
users’ opinions and can be a useful tool in studying echo
chambers.

Calderón et al. in [26] employed two content-based fea-
tures for the detection of echo chambers: stance detection
and the intensity of emotion elicited by a subject. They
considered the degree of comments toward a post as an
indicator of an echo chamber. To quantify echoing behavior
through post-comment pairing, they utilized a graph-based
approach for extracting stance and emotion intensity features.
The ECHO model, introduced by the authors, includes three
neural network classifiers and one attention neural network.
It processes input features extracted from both posts and
comments, generating two features for each—target stance
and emotion intensity. Pairing these features results in Target
Stance Feature Pairs and Emotion Intensity Feature Pairs. The
model considers these pairs as inputs and employs an atten-
tion mechanism to evaluate their impact on decision-making.
Three types of input are examined: Target Stance Feature Pair,
Emotion Intensity Feature Pair, and the combination of both
Feature Pairs. Each undergoes classification using individual
neural networks optimized with Adam. The output from the
dense layers before the softmax is fed into an attention neural
network. The goal is to learn a mapping from the given
sequence to a sequence of importance weights, with the tanh
activation function used in the final stage. As a result, each
post-comment pair is labeled as either echoing or not echoing.
Experimental results demonstrated that their model outper-
formed other approaches in terms of the echoing value (based
on annotations), indicating its effectiveness in indexing echo

chambers. In a similar vein, Lo et al. [27] presented twometh-
ods for examining the effects of echo chambers: visualizing
events and their associated news pieces, and visualizing the
stance distribution of news from sources with diverse political
ideologies. The foundation of echo chamber studies lies in
stance detection, which reveals the positions of users or news
based on a leaning value. In their methodology, the headline
of the top-ranked news retrieved by the search engine is
designated as the claim of the event. A stance classification
model is then employed to determine the stance of selected
news articles related to this claim. They utilized BERT (Bidi-
rectional Encoder Representations from Transformers) to
encode the representations of the claim and the news perspec-
tive. These representations were created based on the claim
and the news content, respectively. The authors employed
cosine similarity to measure the consistency between the
claim and perspective representations. These representations
were then processed in the subsequent dense layer, combined
with the perspective representation, to categorize the news
stance into four categories: ‘‘Agree’’, ‘‘Disagree’’, ‘‘Discuss’’
and ‘‘Unrelated’’.

Al Atiqi et al. in [45] presented a model involving two
players: users within a network and external news sources.
Drawing on the Ising and Deffuant models, they assigned
opinions to each user and sentiments to news articles on
a chosen topic within the range of [−1, 1]. The authors
defined four indicators for echo chambers: 1) Individual Echo
Chambers Coefficient, which evaluates the level of simi-
larity among neighboring agents’ opinions; 2) Global Echo
Chamber, which measures the clustering of opinions in the
network based on theHamilton function in the Isingmodel; 3)
Average Opinion, obtained by calculating the average opin-
ion of all users; and 4) Average Exposure, which quantifies
the diversity of sentiment in the information. They further
categorized news into five groups based on sentiment values:
random news, positive extreme news, negative extreme news,
two-sided extreme news, and moderate news. The authors
computed each echo chamber indicator for different news
groups and observed the distribution of opinions in the net-
work based on the news source. They found that extreme news
articles resulted in the lowest presence of echo chambers,
while one-sided extreme news articles were more likely to
foster echo chamber dynamics. Their study emphasizes the
significance of the news sources to which users are exposed
in the context of echo chambers. In a related study, Al Atiqi
et al. in [46] investigated the role of media in societal polar-
ization and confirmed the findings of [61]. They computed
the average opinion based on agents’ political awareness
and conducted experiments on random networks, finding
that echo chambers are more prevalent in highly polarized
media when society itself is polarized. However, they did not
provide specific criteria for detecting echo chambers; rather,
they inferred the presence of echo chambers based on average
opinion values.

Another study that incorporated both content and struc-
ture in echo chamber detection is [30]. However community
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(structure) is very important in their approach; the role of
semantic (content) is stronger, where they assign the weight
of edges based on sentiment and topic similarity. They exam-
ined the structure and semantic of echo chambers, starting
with an exploration of the key personality traits exhibited by
users within these chambers. These traits included a tendency
to interact with close friends (low extraversion), emotional
stability (high emotional stability), suspicion and antagonism
towards others (low agreeableness), engagement in antiso-
cial behavior (low conscientiousness), and unconventional
interests (high openness). The authors discussed two crucial
elements contributing to the emergence of echo chambers
within a network: controversy among group members and
homogeneity within the group. To detect echo chambers,
Villa et al. proposed a three-phase approach: (1) model-
ing the conversation graph, (2) partitioning the graph into
two groups, and (3) quantifying polarization by assessing
controversy and homogeneity, homogeneity was assessed
through sentiment and topic similarity. They constructed an
ego network based on user mentions in a Twitter dataset.
In addition to the network structure, they considered sen-
timent and topic similarity as semantic properties of echo
chambers. The authors employed the METIS algorithm for
community detection purposes, which resulted in partitions
characterized by (i) a high level of controversy and (ii) a high
level of homogeneity among members.

Choi et al. in [54] conducted an analysis on rumor echo
chambers, which they defined as groups of users involved
in propagating at least two common rumors. Their assump-
tion was that users who spread similar rumors share like-
mindedness. They identified a key characteristic of rumor
echo chamber members: their active participation in rumor
propagation during the early stages. The study categorized
users’ political polarity based on two factors: 1) the politi-
cians they followed, and 2) the polarity scores of URLs shared
in their tweets. This categorization placed users into left-wing
or right-wing groups. The results of the study indicated that
echo chamber members tended to share similar political
views. The study also introduced the concept of political
homophily, which quantified the similarity of user polarities.
Furthermore, the study analyzed the cascades within rumor
echo chambers and found that these chambers tended to
have larger, deeper, and wider propagation compared to those
outside of echo chambers. They observed that rumors origi-
nating from echo chamber members primarily spread among
other echo chamber members, but also extended to non-echo
chamber members. Notably, the study revealed that rumors
propagated quickly within these echo chambers. In terms of
network structure, the study discovered that echo chambers
exhibited a high degree of connections with other users.

5) INFORMATION PROPAGATION BASED
A good example for this approach is [29]. They aimed to
examine the role of group influence in opinion dynamics and
information propagation, with a specific focus on the impact
of echo chambers. They explored influence maximization

by incorporating the concept of group influence, which they
equated to the effect of echo chambers. The authors formu-
lated an influence maximization (IM) problem, where a set
of users are responsible for propagating information, with
the objective of maximizing the number of influenced users.
In their model, Zhu et al. considered that each activated node
is influenced not only by its neighbors but also by the group
it belongs to. They utilized the Ising model to illustrate the
effect of echo chambers. By computing the group influence,
they investigated two scenarios for information propagation:
one with echo chamber effect and one without. The experi-
mental results, obtained from analyzingWeibo, YouTube, and
TheMarker datasets, indicated that the number of activated
users was higher when the echo chamber effect was present.

Minici et al. in [28] employed a hybrid approach to detect
echo chambers by investigating the propagation of polarized
information in a social network, drawing inspiration from
community detection studies. They distinguished between
two types of communities: echo chambers and social commu-
nities. Their proposed algorithm for echo chamber detection
involved randomly assigning values for community polariza-
tion, social engagement, and polarization parameters, which
were subsequently measured to identify echo chambers. The
algorithm considered item propagation and link formation
dynamics. The authors posited that highly polarized commu-
nities correspond to echo chambers, and polarized cascades
are only likely to occur within such echo chambers. Addition-
ally, a user’s likelihood of participating in a cascade depended
on their level of engagement within the associated commu-
nity. Each community was assigned a polarity value within
the range of [−1, 1]. For an item to propagate, the sign of the
user’s engagement had to match the sign of the community.
The experimental results demonstrated that communities with
a high polarity value were successfully identified using the
proposed echo chamber detection algorithm. The algorithm
introduced by the authors presents an innovative approach
rooted in deep learning techniques, specifically tailored for a
graph structure. The implementation adopts the Graph Con-
volutional Network (GCN) architecture. Initially, a vector
of polarization values undergoes a hyperbolic tangent (tanh)
transformation to constrain its values within the range of [−1,
1]. Polarized engagement and social engagement are modeled
through a two-layer GCN with 1024 hidden units. The model
incorporates the social graph, one-hot encoding attributes,
and an output layer with the number of community com-
ponents. The resulting outputs are fed into a softmax and a
sigmoid function for polarized users’ engagement and social
engagement users, respectively. Training encompasses the
entire architecture using the stochastic algorithm mentioned
earlier, employing the Adam optimizer with default settings
and one epoch. To address class imbalance between links and
propagations, the minority class is randomly oversampled,
ensuring a balanced distribution.

Cota et al. aimed to demonstrate and model the homogene-
ity within echo chambers in a political communication (PC)
network on Twitter, focusing on the impeachment process of
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the former Brazilian President [53]. They assigned a lean-
ing value to each tweet (−1, 0, 1) and calculated the user
leaning based on the average leaning of their tweets. The
study revealed that more active users tended to be more
radical in their political views. The PC network exhibited
two large communities, each consisting of approximately
10^4 users, with opposing leanings but similar absolute val-
ues (P+ ≈ 0.82 and P– ≈ – 0.70). The authors provided
topological evidence of echo chambers by quantifying echo
chambers based on a user’s political position, considering
the leaning of the tweets they received and the leaning of
their neighbors. They found that users expressing both pro-
and anti-impeachment leanings were more likely to interact
with users who shared their political opinions. To exam-
ine the impact of echo chambers on information diffusion,
Cota et al. employed susceptible-infected-susceptible (SIS)
and susceptible-infected-recovered (SIR)models. They quan-
tified the spreading capacity (Si) of each user, representing
the relative size of their influence, i.e., the individuals reached
by messages sent by that user. However, the study did not find
a strong direct relationship between a user’s political position
and their spreading capacity.

Table 12 briefly presents the characteristics of studies that
address the modeling and detection of echo chambers

E. RQ5: WHAT ARE THE CRITERIA AND METRICS OF
EXISTING STUDIES TO SPECIFY ECHO CHAMBERS?
One of the main objectives of this study is to find that which
criteria and metrics existing studies are considered to specify
echo chambers in the network. There is amain question, when
we can say echo chambers formed, according to semantic,
structure and reinforcement what is the metric for measuring
semantic, how specify like-minded which metric is used and
what threshold is considered for this term. like minded can
be vary in a range between −1 and 1. Botte et al. in [40]
addressed the semantic (like-minded) in a synthetic manner
by considering number of users who have same opinion,
where they just consider two types of opinion such as A and
B. Stoica and Chaintreau in [31] also used this method to
show like-minded people by considering two types of opinion
as minority and majority on the synthetic network. Perra
and Rocha in [33] addressed this component by considering
the number of a user’s neighbors with the same opinion
at time t = 0, they also considered two types of opinion
such as A and B in advance. Madsen, to demonstrate the
emergence of echo chambers is the purity of beliefs. Purity
is another metric that can be employed. It measures the ratio
of users with the same ideological alignment, often calculated
based on the average polarity of the tweets they reshare (e.g.,
on Twitter). Minici et al. in [28] also used purity measures to
address like-minded users. One of the significant approaches
for addressing semantic is the work of [30] and can be used as
a reference for future works in the domain of echo chambers.
Villa et al. in [30] tried to assign a weight to edges of the
network and then detect a group of users based on these

weights. The weight is computed based on sentiment and
topic similarity.

Another component of echo chambers is structure. Struc-
ture refers to the number of interaction between members
of echo chamber that should be higher than interaction with
others echo chambers in the network. This term (structure)
can be addressed by communities. Meaning that, members
in echo chambers similar to community should have higher
interaction inside the echo chambers rather than the rest of
the network. To address structure, existing studies follow
different approaches. Ge et al. in [32] used ARI which is a
well-known community detection metric. Tsai et al. in [52]
categorized users as ‘‘echoers’’ and ‘‘bridgers.’’ Their analy-
sis revealed that bridgers had higher in-degree and out-degree
centrality, indicating that they received more attention from
other users in terms of retweets, mentions, and replies.

A metric that is very valuable to address the structure
is the Controversy metric. A well-defined echo chamber is
characterized by a sense of hegemony among its members
and a state of controversy with users outside the chamber.
Therefore, one possible approach to identify echo chambers is
through the detection of controversy, which is often based on
community detection methods. One metric that can be used
to measure polarization and controversy is the RandomWalk
Controversy (RWC) proposed by [62]. This metric involves
two partitions, X and Y, where X ∪ Y = V, X ∩ Y = ∅, and
two random walks—one ending in partition X and the other
ending in partition Y. The RWC measure is computed based
on the probability of changing the partition for each of the
random walks using the formula RWC = PxxPyy − PxyPyx ,
where Pxy represents the probability of starting in partition
x and ending in partition y. In this regard, to quantify con-
troversy, Villa et al. in [30] introduced four measures: RWC,
Authoritative RandomWalkControversy (ARWC), Displace-
ment Random Walk Controversy (DRWC), and Boundary
Connectivity (BC). In addition Vila used the Boundary Con-
nectivity measure to show the structure. This measure focuses
on the boundary nodes that connect nodes in one partition
to nodes in another partition. The presence of strong con-
nections between boundary users and internal users indicates
the existence of an echo chamber. Ideally, the desired state
is achieved when the number of boundary nodes is zero,
indicating complete isolation of the two partitions.

Another measure that is used in echo chambers studies
and primarily in community detection studies to show how
a community is well-designed is conductance. Conductance
in graph theory is a measure that shows how a graph is
partitioned [63]. Luo et al. in [48] utilized graph conductance
and algebraic connectivity (the second smallest eigenvalue of
the relevant Laplacian matrix) as measures of segregation.

The third component of echo chambers is reinforcement,
which we observed from Table 5. Rarely have studies
addressed this important feature in echo chambers. This
attribute refers to the fact that, from the timestamp t , the
subsequent opinion values within echo chamber i should
not decrease. According to the definition of echo chambers,
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TABLE 12. Modeling and detection studies.
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TABLE 12. (Continued.) Modeling and detection studies.
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TABLE 12. (Continued.) Modeling and detection studies.

the belief strength within echo chambers, represented by
the average leaning value, should always remain constant or
increase. However, existing studies do not formally address
reinforcement, although some attempt to demonstrate it in
their models. Ge et al. [32], show that the recommender
system narrows down the scope of items presented to users.
They used the Content Diversity measure to analyze whether
the recommender system affected the strengthening of user
interests by narrowing. down the scope of items exposed
to users (here, Euclidean distance is computed between two
item embeddings). Stoica and Chaintreau in [31] have shown
the reinforcement by using the effect of recommendation
on expected degree of one group under recommendation
parameter and without it, recommendations exacerbate the
gap between these two subgroups. Their results reveal that
item recommendations always accelerate the hegemonic
dynamics, exacerbating the misrepresentation of a minor-
ity viewpoint. To demonstrate reinforcement, some research
utilized the concept of comparing opinions between two dif-
ferent timestamps [40].
Some studies addressed like-minded as two polarized

groups, Brugnoli et al. in [34] defined the polarization ρ(u)
of a user u as the ratio of likes that u performed on conspiracy
posts, assuming that u performed x likes on conspiracy posts
and y likes on science posts. Thus, ρ(u)= (x - y) / (x+ y). Fer-
raz de Arruda et al. in [39] quantify the level of polarization
in opinions, the authors employed the bimodality coefficient
introduced by [64]. They also introduced a measure called
balance, which is calculated by dividing the minimum num-
ber of nodes from two sets of opinions by the maximum
number of nodes from those sets. Tsai. To assess the existence
of echo chambers used the measure of the number of pairs
in each network that communicated with each other. For
instance, they reported that 99.5% of retweet interaction pairs
and 82.37% of mention pairs shared the same political view.
Sikdar et al. in [51] introduced a polarization measure as:

xi (t) =
N+

i (t)

N+

i (t) + N−

i (t)
[51]

where N+

i (t) is the number of positive signals at time t. They
denoted the fraction of positively oriented agents in a group of
nodes C as yc(t), and polarization Zc (t) as (yc (t) , 1− yc(t)).
Polarization is zero when all agents are either positively or
negatively oriented, and it is maximized when the group

is evenly split between the two orientations. As discussed
earlier, Chkhartishvili and Kozitsin in [55] introduced BSI to
measure segregation.

Prasetya and Murata in [41] In an attempt to demonstrate
polarization, they utilized the m-value measure (introduced
by [65]). Another measure they defined is homogeneity, rep-
resented by the formula:

homw =

∑
e(u,v) Cuvquqv∑
e(u,v) Cuv

[41]

Here, Cuv represents the connection strength between
nodes u and v, and qu represents the opinion of node u.

VI. CRITICAL REVIEW
A. ANALYSIS OF RQ1: HOW DO EXISTING STUDIES DEFINE
ECHO CHAMBERS WITHIN ONLINE SOCIAL NETWORKS?
As shown in Table 5 and Table 10, fewer than 30% of
the existing studies in this systematic review address the
reinforcement of echo chambers, and less than 50% address
the structure in their definition. On the other hand, all of
them consider semantic in their definition, regardless of
whether they present a metric to measure it or not. Address-
ing semantic without metrics reveals an important fact:
when mass communication occurs in the network, an echo
chamber seems to emerge. However, specifying the number
of communications among like-minded users is necessary.
As previously mentioned, the opinion values can be real
numbers in the range of -1 to 1, but existing studies do
not address this fact either in the definition or in their
approach.

Another issue with the existing definition is the equating of
polarization in the network with echo chambers, and subse-
quently, many of these studies attempt to propose an approach
to address polarization. This assumption seems to stem from
one of the earlier studies in this field, where [49], an important
reference, defined echo chambers as ‘groups of like-minded
people where they polarize their opinion’.

B. ANALYSIS OF RQ2: WHAT IMPACTS DO ECHO
CHAMBERS HAVE WITHIN ONLINE SOCIAL NETWORKS?
As discussed in RQ1 of Section V, all studies have addressed
echo chambers as a harmful phenomenon in online social
networks, attributing them to the spread of misinforma-
tion, radicalization, social isolation, and societal inequality.
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However, due to the significance of this issue to the authors,
an investigation was conducted to determine whether the
effects of echo chambers are solely negative. Surprisingly,
our investigation reveals that some researchers question the
assumption that echo chambers only have detrimental effects,
as highlighted by [19] and [66].

Jann and Schottmüller in [19] pose the question, ‘‘Why
are echo chambers useful?’’ They argue that segregation
into small, homogeneous groups can maximize communi-
cation efficiency, leading to a Pareto-efficient allocation of
resources. Their perspective, rooted in economics, suggests
that echo chambers—or segregated groups—provide use-
ful, comprehensive information, eliminating the need for
individuals to expend additional energy seeking desirable
information within larger groups. Their analysis posits that
segregation into small, homogeneous groups can be a ratio-
nal choice, maximizing the amount of information available
to each individual. Levy and Razin in [66] examine voter
behavior, questioning whether polarization—a form of echo
chamber—is necessarily harmful. They suggest that cogni-
tive bias can have positive impacts on aggregate welfare.
They argue, ‘‘Even if each behavioral voter does not vote
optimally from her own point of view (compared to a ratio-
nal voter), the whole electorate may reach better, more
informed, outcomes (compared to a rational electorate).’’
In essence, the authors equate polarization with crowd-
sourcing, where consensus within a group on a particular
issue can lead to more informed outcomes. Wang et al.
in [67] explore the role of echo chambers in rumor rebuttal
during the COVID-19 pandemic, analyzing a mention and
retweet network from the Weibo dataset in China. Their
results indicate that echo chambers can positively influ-
ence rumor rebuttal, with a significant echo chamber effect
observed when users retweeted or commented on true rumor
rebuttals.

The aforementioned case studies suggest that the perceived
benefits or detriments of echo chambers depend on the per-
spective from which this phenomenon is viewed and the
domain in which it is considered. From an economic view-
point, echo chambers can be Pareto-efficient. They can be
beneficial for a campaign attempting to rebut rumors or for
an election campaign seeking to amplify its voice. However,
a key characteristic of echo chambers is their resistance to
opposing opinions.

Regardless of whether echo chambers are deemed good
or bad, it is crucial to understand and predict user behavior
within different contexts. For instance, Bara et al. [68] attempt
to predict voter behavior by considering echo chambers. They
introduce a metric called the influence gap (IG), which mea-
sures the homogeneity of a group and represents the relative
advantage of one party over its rival. They use this metric to
develop a model for predicting voter behavior, demonstrating
that a network rife with echo chambers emerges when the
homophily parameter h exceeds 0.5. Their definition of echo
chambers is based on the number of like-minded friends
within a party.

C. ANALYSIS OF RQ 3: WHAT MECHANISMS DO EXISTING
STUDIES PROPOSE FOR THE FORMATION OF ECHO
CHAMBERS WITHIN ONLINE SOCIAL NETWORKS?
As discussed, there are four main approaches to address
the mechanism of echo chambers. However, the main prob-
lem lies in the lack of clarity in formulating some of these
approaches, such as the backfire effect or biased assimilation.
Additionally, another issue arises when some studies only
consider a single approach to address echo chamber forma-
tion, despite echo chambers being an interdisciplinary field
influenced by diverse and potentially contradictory param-
eters. For instance, social influence is an important feature
that can contribute to the formation of echo chambers, while
confirmation bias also plays a significant role. However, these
two factors may have contradictory functions

The major drawback of the existing mechanisms is their
limited attention to addressing and measuring the structure.
The structure plays a crucial role in the study of echo cham-
bers. To illustrate its importance, let’s consider two groups:
the first group consists of a large number of like-minded
users with high interaction among themselves as well as with
users outside the group (with equal intensity). In contrast, the
second group is smaller but has high internal interaction and
no connection with users outside the group. It is evident that
the second group exhibits characteristics of echo chambers,
while the first group does not. Unfortunately, existing studies
tend to overlook this component.

Another limitation observed in this systematic review is
the lack of experimentation with real-world data. As we
discussed, adjusting parameters like homophily and demon-
strating echo chamber formation becomes trivial. The real
challenge lies in showcasing echo chambers using actual data
from the real world.

Furthermore, a common issue in existing studies is the
preconceived consideration of twomain groups, often labeled
as bipolar networks (e.g., red and blue, majority and minority,
or opinion A and B), followed by attempts to demonstrate
how echo chambers form.

D. ANALYSIS Of RQ 4: HOW DO EXISTING STUDIES
MODEL AND DETECT ECHO CHAMBERS WITHIN ONLINE
SOCIAL NETWORKS?
In addition to the limitations discussed earlier that are com-
mon to mechanism-based approaches, a community-based
approach poses a challenge in studying echo chambers. Some
studies consider communities as echo chambers and attempt
to identify them using community detection algorithms,
without taking into account semantic and reinforcement.
However, interpreting the findings of [52] presents a chal-
lenge. It was observed that bridgers had higher in-degree and
out-degree centrality compared to echoers. This suggests that
the bridger community is stronger and more interconnected
than the echoers. Consequently, the notion of echo chambers
presented in this study does not align with the typical defini-
tion, as members of an echo chamber would be expected to
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have higher interaction with each other compared to the rest
of the network.

Another drawback is that some studies attempt to utilize
the echo chamber effect to illustrate a different problem.
For instance, Zhu et al. in [29] explored the influence maxi-
mization problem by associating groups with echo chambers
and demonstrating that the presence of the echo chamber
effect leads to higher influence maximization compared to
its absence. However, their detection of the echo chamber
effect is based on their assumption rather than a formal
definition. Another challenge arises from certain limitations
observed in study results. For example, while the role of
network structure in the mechanism is highlighted by [36],
Kozitsin and Chkhartishvili in [44] argued that the number
of activities holds greater importance than network structure
in their modeling. They report that network topology has no
significant impact on the type of the final opinion distribution.

When employing an opinion dynamic approach in some
models, an important question arises regarding how users
become aware of other users’ opinions, which is a crucial
aspect of echo chamber formation. Modeling the forma-
tion of echo chambers after users become aware of each
other’s opinions presents an additional challenge. Therefore,
if a propagation model can capture the process of opinion
awareness, it becomes a valuable approach for studying echo
chamber formation.

E. ANALYSIS OF RQ 5: WHAT CRITERIA AND METRICS DO
EXISTING STUDIES USE TO SPECIFY ECHO CHAMBERS?
The main drawback of existing studies lies in the research
question itself. Although each study attempts to introduce or
utilize a metric for its model, there is a strong need for a
coherent metric that encompasses the components of an echo
chamber. However, some studies have successfully employed
robust metrics to measure the structure, such as controversy
metric, conductance, algebraic connectivity, boundary con-
nectivity, modularity, and ARI. On the other hand, there is
a lack of diverse metrics addressing semantic exceptions for
purity.

Another drawback we observed during this study is the
improper use of certain metrics. For instance, in the study
by Prasetya and Murata [41], the M_value measure was
utilized to demonstrate polarization. However, it appears that
this measure does not function correctly. For example, if we
have four histograms with a distribution of (2, 3, 5, 3), the
M_value is calculated as 1, whereas their model considers it
as a unimodal (one peak) distribution when the M_value is
2. Similarly, in the study by [32], the CH metric is used to
show the difference in user interests and is interpreted as the
recommender system’s (RS) influence on user preferences.
However, decreasing the CH value does not necessarily indi-
cate that the RS is functioning properly. There is no guarantee
that the changes in clusters within the final user interaction
block are more relevant to users’ interests compared to the
first interaction block. Another limitation arises in measuring
reinforcement when, for example, a study attempts to com-

TABLE 13. List of symbols and descriptions.

pare the opinions of a group at different time stamps. The
problem lies in the fact that beliefs within an echo chamber
should strengthen over time. However, it is possible that
at certain points between the two considered time points,
the amount of opinion decreases and then increases again,
leading to potential misunderstandings.

F. RESEARCH DIRECTIONS
According to this comprehensive study of echo chambers, the
following research directions are highlighted:

• Echo chambers represent a new and emerging phe-
nomenon observed in online social networks. Despite
gaining attention from researchers, the components and
characteristics of echo chambers have not been thor-
oughly addressed. An important avenue for research is
determiningwhen echo chambers stabilize and reach an
equilibrium of interactions among members, consider-
ing that they form over time and may dissipate later.

• While the dominant effect of echo chambers is often
negative, this study explores scenarios where echo
chambers can be viewed positively. Consequently,
another research avenue involves investigating the
potential advantages of echo chambers.

• The role of the cognitive system is not well-addressed
in existing studies, with only a few considering cog-
nitive factors such as selective exposure, motivated
reasoning, backfire effect, and biased assimilation.
Given the influence of the human cognitive system in
joining echo chambers and shaping this phenomenon,
conducting empirical studies in this domain can pro-
vide valuable insights.

• An intriguing and valuable approach to echo chamber
detection involves the use of deep learning tech-
niques, particularly due to the graph structure of social
networks. Graph Neural Networks (GNNs) prove
highly beneficial in this context. However, accord-
ing to this study, only a few studies have explored
GNN techniques. Therefore, another research avenue
involves deploying GNN techniques in echo chamber
detection.
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TABLE 14. List of abbreviations.

VII. CONCLUSION
This study aimed to address a novel and complex issue
that has recently emerged in online social networks. Our
research revealed the extensive scope of the echo cham-
ber phenomenon, encompassing various scientific disciplines
such as mathematics, social sciences, information sciences,
statistics, cognitive science, and computer science. The
interdisciplinary nature of echo chambers makes it challeng-
ing to categorize existing studies, as they employ diverse
approaches to tackle this phenomenon.

Our findings emphasized the significant influence of cog-
nitive and social factors in the formation of echo chambers.
Even when algorithms are employed to artificially cre-
ate echo chambers, they rely on these underlying factors.
We also highlighted studies indicating that social networks
themselves inherently contribute to the emergence of echo
chambers.

In the modeling and detection of echo chambers, many
existing models have focused on polarization without a pre-
cise understanding of this concept. Additionally, a common
approach has been to consider the number of interactions
as an indicator of the presence of echo chambers. Notably,
studies that measured the degree of leaning or opinion were
prominent, as it is crucial to quantify echo chambers without
a measure of opinion. Furthermore, stance detection methods
have shown promise in this field.

However, a significant limitation of existing research is
the lack of attention given to the reinforcement of beliefs

TABLE 15. Quality assessment of each work.

within echo chambers, with only a few studies addressing
this issue. In this study, we shed light on the concept of
the usefulness of echo chambers, challenging the prevailing
notion that they are solely detrimental. Moreover, we aimed
to provide a comprehensive definition of the concept through
a consensus among existing definitions.

Echo chambers, as a concept, encompass a wide range of
associated issues. These include modeling, detection, mech-
anisms, and attributes, each of which has been the subject
of extensive research. However, most studies tend to con-
centrate on one or two aspects of echo chambers, with
comprehensive investigations that consider all facets of echo
chambers being relatively scarce. Furthermore, throughout
our research, we observed that numerous studies have tackled
the topic of echo chambers without adhering to a specific set
of criteria.

As a result, we propose that formulating the concept of
echo chambers should be a research direction of utmost
importance. Additionally, exploring the life cycle of this
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phenomenon can offer valuable insights into information
propagation, opinion dynamics, and inequality within social
networks.

APPENDIX A
See Table 13.

APPENDIX B
See Table 14.

APPENDIX C
See Table 15.

DECLARATION OF COMPETING INTERESTS
The authors have no relevant financial or non-financial inter-
ests to disclose. They have no conflicts of interest to declare
that are relevant to the content of this article.

ACKNOWLEDGMENT
This funding source had no role in the design of this study
and will not have any role during its execution, analyses,
interpretation of the data, or decision to submit results.

REFERENCES
[1] K. A. Carlos, D. Vargas, M. A. Estigoy, and P. Hail, ‘‘Effects of

social media on political communication,’’ SSRN Electron. J., 2022, doi:
10.2139/ssrn.4157044.

[2] M. Bailey, R. Cao, T. Kuchler, and J. Stroebel, ‘‘The economic effects of
social networks: Evidence from the housingmarket,’’ J. Political Economy,
vol. 126, no. 6, pp. 2224–2276, Dec. 2018.

[3] B. Watkins, Sport Teams, Fans, Twitter: The Influence Social Media Rela-
tionships Branding. Lanham, MD, USA: Rowman & Littlefield, 2018.

[4] K. Weller, A. Bruns, J. Burgess, M. Mahrt, and C. Puschmann.
(2013). Twitter and Society. [Online]. Available: https://journals.uio.
no/TJMI/article/download/825/746/3768

[5] Number of Worldwide Social Network Users 2027. Statista. Accessed:
Jan. 19, 2023. [Online]. Available: https://www.statista.com/
statistics/278414/number-of-worldwide-social-network-users/

[6] M. Cinelli, G. D. F. Morales, A. Galeazzi, W. Quattrociocchi, and
M. Starnini, ‘‘The echo chamber effect on social media,’’ Proc. Nat.
Acad. Sci. USA, vol. 118, no. 9, Mar. 2021, Art. no. e2023301118, doi:
10.1073/pnas.2023301118.

[7] L. Okruszek, A. Piejka, N. Banasik-Jemielniak, and D. Jemielniak,
‘‘Climate change, vaccines, GMO: The N400 effect as a marker of atti-
tudes toward scientific issues,’’ PLoS ONE, vol. 17, no. 10, Oct. 2022,
Art. no. e0273346.

[8] A. M. Górska, K. Kulicka, and D. Jemielniak, ‘‘Men not going their own
way: A thick big data analysis of #MGTOW and #Feminism tweets,’’
Feminist Media Stud., vol. 23, no. 8, pp. 3774–3792, Nov. 2023.

[9] T. Neff, J. Kaiser, I. Pasquetto, D. Jemielniak, D. Dimitrakopoulou,
S. Grayson, N. Gyenes, P. Ricaurte, J. Ruiz-Soler, and A. Zhang, ‘‘Vaccine
hesitancy in online spaces: A scoping review of the research literature,
2000-2020,’’ Harvard Kennedy School Misinformation Rev., Oct. 2021,
doi: 10.37016/mr-2020-82.

[10] T. Neff and D. Jemielniak, ‘‘How do transnational public spheres emerge?
Comparing news and social media networks during the Madrid climate
talks,’’ New Media Soc., Mar. 2022, Art. no. 146144482210814.

[11] S. Lang, ‘‘Consulting publics in European union gender policies: Organ-
ising echo chambers or facilitating critical norm engagement?’’ in
Rethinking Gender Equality Global Governance: The Delusion Norm
Diffusion, L. Engberg-Pedersen, A. Fejerskov, S. M. Cold-Ravnkilde, Eds.
Cham, Switzerland: Springer, 2019, pp. 213–236.

[12] S. Vaca-Jiménez, P. W. Gerbens-Leenes, S. Nonhebel, and K. Hubacek,
‘‘Unreflective use of old data sources produced echo chambers in the
water–electricity Nexus,’’Nature Sustainability, vol. 4, no. 6, pp. 537–546,
Feb. 2021.

[13] B. Sharma and K. Vasuja, ‘‘Investigating social media induced polar-
ization on national education policy 2020,’’ in Causes and Symptoms
of Socio-Cultural Polarization: Role of Information and Communication
Technologies, I. Qureshi, B. Bhatt, S. Gupta, A. A. Tiwari, Eds. Singapore:
Springer, 2022, pp. 177–209.

[14] B. Kitchens, S. L. Johnson, and P. Gray, ‘‘Understanding echo cham-
bers and filter bubbles: The impact of social media on diversification
and partisan shifts in news consumption,’’ MIS Quart., vol. 44, no. 4,
pp. 1619–1649, Dec. 2020.

[15] N. Giger, D. Traber, and A. Tresch, ‘‘Introduction to the special issue ‘The
2019 Swiss national Elections,’’’ Swiss Political Sci. Rev., vol. 28, no. 2,
pp. 157–168, Jun. 2022.

[16] N. Aruguete, E. Calvo, and T. Ventura, ‘‘News by popular demand: Ideo-
logical congruence, issue salience, and media reputation in news sharing,’’
Int. J. Press/Politics, vol. 28, no. 3, pp. 558–579, Dec. 2021.

[17] S. Boulianne and A. O. Larsson, ‘‘Engagement with candidate posts on
Twitter, Instagram, and Facebook during the 2019 election,’’ New Media
Soc., vol. 25, no. 1, pp. 119–140, Jan. 2023.

[18] F. Alatawi, L. Cheng, A. Tahir, M. Karami, B. Jiang, T. Black, and H. Liu,
‘‘A survey on echo chambers on social media: Description, detection and
mitigation,’’ 2021, arXiv:2112.05084.

[19] O. Jann and C. Schottmüller, ‘‘Why echo chambers are useful,’’
Dept. Econ. Econ. Ser. Work. Papers, Univ. Oxford, Oxford, U.K.,
Tech. Rep., 2018, pp. 1–42.

[20] A. R. Arguedas, C. T. Robertson, R. Fletcher, and R. K. Nielsen, ‘‘Echo
chambers, filter bubbles, and polarisation: A literature review,’’ Reuters
Inst. Study Journalism, pp. 1–42, Jan. 2021.

[21] R. Interian, U. F. Fluminense, U. F. Fluminense, C. C. Ribeiro, and
U. F. Fluminense, ‘‘Network polarization, filter bubbles, and echo cham-
bers,’’ Oct. 2022, arXiv:2207.13799.

[22] L. Terren andR. Borge-Bravo, ‘‘Echo chambers on social media: A system-
atic review of the literature,’’ Rev. Commun. Res., vol. 9, pp. 99–118, 2021.

[23] M. J. Page, ‘‘The PRISMA 2020 statement: An updated guideline for
reporting systematic reviews,’’ Brit. Med. J., vol. 372, p. n71, Mar. 2021.

[24] A. Booth, A. Sutton, and D. Papaioannou, ‘‘Systematic approaches to a
successful literature review,’’ Tech. Rep., 2016.

[25] E. W. T. Ngai, Y. Hu, Y. H. Wong, Y. Chen, and X. Sun, ‘‘The application
of data mining techniques in financial fraud detection: A classification
framework and an academic review of literature,’’ Decis. Support Syst.,
vol. 50, no. 3, pp. 559–569, Feb. 2011.

[26] F. H. Calderón, L.-K. Cheng, M.-J. Lin, Y.-H. Huang, and Y.-S. Chen,
‘‘Content-based echo chamber detection on social media platforms,’’ in
Proc. IEEE/ACM Int. Conf. Adv. Social Netw. Anal. Mining (ASONAM),
Aug. 2019, pp. 597–600.

[27] K.-C. Lo, S.-C. Dai, A. Xiong, J. Jiang, and L.-W. Ku, ‘‘Escape from
an echo chamber,’’ in Proc. Companion Web Conf. New York, NY, USA:
ACM, Apr. 2021, pp. 713–716.

[28] M. Minici, ‘‘Cascade-based echo chamber detection,’’ in Proc. 31st ACM
Int. Conf. Inf. Knowl. Manag., 2022, pp. 1511–1520.

[29] J. Zhu, P. Ni, G. Tong, G. Wang, and J. Huang, ‘‘Influence maximization
problem with echo chamber effect in social network,’’ IEEE Trans. Com-
putat. Social Syst., vol. 8, no. 5, pp. 1163–1171, Oct. 2021.

[30] G. Villa, G. Pasi, andM. Viviani, ‘‘Echo chamber detection and analysis: A
topology- and content-based approach in the COVID-19 scenario,’’ Social
Netw. Anal. Mining, vol. 11, no. 1, pp. 1–17, Dec. 2021.

[31] A.-A. Stoica and A. Chaintreau, ‘‘Hegemony in social media and the
effect of recommendations,’’ in Proc. Companion World Wide Web Conf.,
May 2019, pp. 575–580.

[32] Y. Ge, S. Zhao, H. Zhou, C. Pei, F. Sun,W.Ou, andY. Zhang, ‘‘Understand-
ing echo chambers in e-commerce recommender systems,’’ in Proc. 43rd
Int. ACM SIGIR Conf. Res. Develop. Inf. Retr., Jul. 2020, pp. 2261–2270.

[33] N. Perra and L. E. C. Rocha, ‘‘Modelling opinion dynamics in the age of
algorithmic personalisation,’’ Sci. Rep., vol. 9, no. 1, pp. 1–11, May 2019.

[34] E. Brugnoli, M. Cinelli, W. Quattrociocchi, and A. Scala, ‘‘Recursive
patterns in online echo chambers,’’ Sci. Rep., vol. 9, no. 1, pp. 1–18,
Dec. 2019.

[35] F. Diaz-Diaz, M. S. Miguel, and S. Meloni, ‘‘Echo chambers and infor-
mation transmission biases in homophilic and heterophilic networks,’’ Sci.
Rep., vol. 12, no. 1, pp. 1–12, Jun. 2022.

[36] J. K. Madsen, R. M. Bailey, and T. D. Pilditch, ‘‘Large networks of rational
agents form persistent echo chambers,’’ Sci. Rep., vol. 8, no. 1, pp. 1–8,
Aug. 2018.

VOLUME 12, 2024 9619

http://dx.doi.org/10.2139/ssrn.4157044
http://dx.doi.org/10.1073/pnas.2023301118
http://dx.doi.org/10.37016/mr-2020-82


A. Mahmoudi et al.: Echo Chambers in Online Social Networks: A Systematic Literature Review

[37] L. Jasny, J. Waggle, and D. R. Fisher, ‘‘An empirical examination of echo
chambers in U.S. climate policy networks,’’Nature Climate Change, vol. 5,
no. 8, pp. 782–786, Aug. 2015.

[38] M. Starnini, M. Frasca, and A. Baronchelli, ‘‘Emergence of metapopula-
tions and echo chambers in mobile agents,’’ Sci. Rep., vol. 6, no. 1, pp. 1–8,
Aug. 2016.

[39] H. F. de Arruda, F. M. Cardoso, G. F. de Arruda, A. R. Hernández,
L. da Fontoura Costa, and Y. Moreno, ‘‘Modelling how social network
algorithms can influence opinion polarization,’’ Inf. Sci., vol. 588,
pp. 265–278, Apr. 2022.

[40] N. Botte, J. Ryckebusch, and L. E. C. Rocha, ‘‘Clustering and stubbornness
regulate the formation of echo chambers in personalised opinion dynam-
ics,’’ Phys. A, Stat. Mech. Appl., vol. 599, Aug. 2022, Art. no. 127423.

[41] H. A. Prasetya and T. Murata, ‘‘A model of opinion and propagation
structure polarization in social media,’’ Comput. Social Netw., vol. 7, no. 1,
pp. 1–35, Dec. 2020, doi: 10.1186/s40649-019-0076-z.

[42] B. Baumgaertner and F. Justwan, ‘‘The preference for belief, issue polariza-
tion, and echo chambers,’’ Synthese, vol. 200, no. 5, pp. 1–27, Sep. 2022.

[43] K. Sasahara, W. Chen, H. Peng, G. L. Ciampaglia, A. Flammini, and
F. Menczer, ‘‘Social influence and unfollowing accelerate the emergence
of echo chambers,’’ J. Comput. Social Sci., vol. 4, no. 1, pp. 381–402,
May 2021.

[44] I. V. Kozitsin and A. G. Chkhartishvili, ‘‘Users’ activity in online social
networks and the formation of echo chambers,’’ in Proc. 13th Int. Conf.
Manag. Large-Scale Syst. Develop. (MLSD), Sep. 2020, pp. 1–5, doi:
10.1109/MLSD49919.2020.9247720.

[45] M. Al Atiqi, S. Chang, and D. Hiroshi, ‘‘Agent-based approach to echo
chamber reduction strategy in social media,’’ in Proc. Joint 10th Int. Conf.
Soft Comput. Intell. Syst. (SCIS) 19th Int. Symp. Adv. Intell. Syst. (ISIS),
Dec. 2018, pp. 1301–1306.

[46] M. Al Atiqi, S. Chang, and H. Deguchi, ‘‘Agent-based approach to resolve
the conflicting observations of online echo chamber,’’ in Proc. Joint 11th
Int. Conf. Soft Comput. Intell. Syst. 21st Int. Symp. Adv. Intell. Syst. (SCIS-
ISIS), Dec. 2020, pp. 1–6, doi: 10.1109/SCISISIS50064.2020.9322696.

[47] R. Luo, B. Nettasinghe, and V. Krishnamurthy, ‘‘Echo chambers and
segregation in social networks: Markov bridge models and estimation,’’
IEEE Trans. Computat. Social Syst., vol. 9, no. 3, pp. 891–901, Jun. 2022.

[48] R. Luo, B. Nettasinghe, and V. Krishnamurthy, ‘‘Controlling segregation in
social network dynamics as an edge formation game,’’ IEEE Trans. Netw.
Sci. Eng., vol. 9, no. 4, pp. 2317–2329, Jul. 2022.

[49] M. Del Vicario, G. Vivaldo, A. Bessi, F. Zollo, A. Scala, G. Caldarelli,
and W. Quattrociocchi, ‘‘Echo chambers: Emotional contagion and group
polarization on Facebook,’’ Sci. Rep., vol. 6, no. 1, pp. 1–12, Dec. 2016.

[50] K. Asatani, H. Yamano, T. Sakaki, and I. Sakata, ‘‘Dense and influential
core promotion of daily viral information spread in political echo cham-
bers,’’ Sci. Rep., vol. 11, no. 1, p. 7491, Apr. 2021.

[51] O. Sikder, R. E. Smith, P. Vivo, and G. Livan, ‘‘A minimalistic model
of bias, polarization and misinformation in social networks,’’ Sci. Rep.,
vol. 10, no. 1, pp. 1–11, Mar. 2020.

[52] W.-H.-S. Tsai, W. Tao, C.-H. Chuan, and C. Hong, ‘‘Echo chambers and
social mediators in public advocacy issue networks,’’ Public Relations
Rev., vol. 46, no. 1, Mar. 2020, Art. no. 101882.

[53] W. Cota, S. C. Ferreira, R. Pastor-Satorras, and M. Starnini, ‘‘Quantifying
echo chamber effects in information spreading over political communi-
cation networks,’’ EPJ Data Sci., vol. 8, no. 1, p. 35, Dec. 2019, doi:
10.1140/epjds/s13688-019-0213-9.

[54] D. Choi, S. Chun, H. Oh, J. Han, and T. T. Kwon, ‘‘Rumor propagation
is amplified by echo chambers in social media,’’ Sci. Rep., vol. 10, no. 1,
pp. 1–10, 2020.

[55] A. Chkhartishvili and I. Kozitsin, ‘‘Binary separation index for echo cham-
ber effect measuring,’’ in Proc. 11th Int. Conf. Manag. Large-Scale Syst.
Develop. (MLSD, Oct. 2018, pp. 1–4.

[56] I. Boyraz, H. Uysal, B. Koc, and H. Sarman, ‘‘Clonus: Definition, mecha-
nism, treatment,’’Med. Glas., vol. 12, no. 1, pp. 19–26, Feb. 2015.

[57] J. Slisko and D. I. Dykstra, ‘‘The role of scientific terminology in research
and teaching: Is something important missing?’’ J. Res. Sci. Teaching,
vol. 34, no. 6, pp. 655–660, Aug. 1997.

[58] S. Banisch and E. Olbrich, ‘‘Opinion polarization by learning from social
feedback,’’ J. Math. Sociol., vol. 43, no. 2, pp. 76–103, Apr. 2019.

[59] M. H. DeGroot, ‘‘Reaching a consensus,’’ J. Amer. Statist. Assoc., vol. 69,
no. 345, pp. 118–121, Mar. 1974.

[60] D. Küçük and F. Can, ‘‘Stance detection: A survey,’’ ACM Comput. Surv.,
vol. 53, no. 1, pp. 1–37, Jan. 2021, doi: 10.1145/3369026.

[61] J. R. Zaller and J. R. Zaller, The Nature and Origins of Mass Opinion.
Cambridge, U.K.: Cambridge Univ. Press, 1992.

[62] K. Garimella, G. D. F. Morales, A. Gionis, and M. Mathioudakis, ‘‘Quan-
tifying controversy on social media,’’ ACM Trans. Social Comput., vol. 1,
no. 1, pp. 1–27, Mar. 2018.

[63] Y. Zhang. Approximating Graph Conductance: From Global to Local.
Accessed: Jan. 29, 2023. [Online]. Available: http://math.uchicago.
edu/~may/REU2020/REUPapers/Zhang,Yueheng.pdf

[64] R. Pfister, K. A. Schwarz, M. Janczyk, R. Dale, and J. B. Freeman, ‘‘Good
things peak in pairs: A note on the bimodality coefficient,’’ Frontiers
Psychol., vol. 4, p. 700, Oct. 2013.

[65] B. Gregg, ‘‘Frequency trails: Modes and modality,’’ Tech. Rep., 2019.
[66] G. Levy and R. Razin, ‘‘Echo chambers and their effects on economic

and political outcomes,’’ Annu. Rev. Econ., vol. 11, no. 1, pp. 303–328,
Aug. 2019.

[67] D.Wang, Y. Zhou, Y. Qian, and Y. Liu, ‘‘The echo chamber effect of rumor
rebuttal behavior of users in the early stage of COVID-19 epidemic in
China,’’ Comput. Hum. Behav., vol. 128, Mar. 2022, Art. no. 107088.

[68] J. Bara, O. Lev, and P. Turrini, ‘‘Predicting voting outcomes in the pres-
ence of communities, echo chambers and multiple parties,’’ Artif. Intell.,
vol. 312, Nov. 2022, Art. no. 103773.

AMIN MAHMOUDI received the Ph.D. degree
from the National University of Malaysia. He has
teaching and research experience in different
universities, such as the Czech Academy of
Sciences; Lingnan University, Hong Kong; the
University of Pardubice, Czech Republic; and the
Sentiment Analysis Laboratory, UKM, Malaysia.
He is currently a Postdoctoral Researcher with
the Management in Networked and Digital Soci-
eties (MINDS) Department, Kozminski Univer-

sity, Warsaw, Poland, with a focus on online social network analysis.

DARIUSZ JEMIELNIAK is currently a Full
Professor and the Head of the Management
in Networked and Digital Societies (MINDS)
Department, Kozminski University, and the Fac-
ulty Associate with the Berkman-Klein Center
for Internet and Society, Harvard University. His
current research interests include disinformation
and bot detection. He is a member of the Polish
Academy of Sciences. He currently serves on the
Wikimedia Foundation Board of Trustees. He is

the Vice-President of the Polish Academy of Sciences.

LEON CIECHANOWSKI is currently a Cognitive
Scientist, a Philosopher, a Culture Science Expert,
and an Assistant Professor with the Manage-
ment in Networked andDigital Societies (MINDS)
Department, Kozminski University, and the Uni-
versity of Social Sciences and Humanities SWPS
(Psychology Department), Warsaw. He is work-
ing in the domain of human–computer interac-
tion, phenomenology, and sense of agency/control.
He is involved in the study of chatbots, robots,

and wearables in cooperation with MIT. He is also a Consultant for various
business sectors (banking, data analytics, and telecommunication).

9620 VOLUME 12, 2024

http://dx.doi.org/10.1186/s40649-019-0076-z
http://dx.doi.org/10.1109/MLSD49919.2020.9247720
http://dx.doi.org/10.1109/SCISISIS50064.2020.9322696
http://dx.doi.org/10.1140/epjds/s13688-019-0213-9
http://dx.doi.org/10.1145/3369026

