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Abstract: Social media platforms are not serving only as tools of communication rather they are
acting like intricate systems managing our interactions. A major setback to our interactions occur
when the flow of information in these networks gets distorted through polarization. It resembles
a society where every debate turns into divide. Our research focuses exclusively on quantifying
polarization as well as solving this issue head-on. In order to accurately gauge polarization, we’ve
developed a new method that takes into consideration majority of its influencing factors. This helps
us in correctly quantifying the polarization value of a given network and then by proposing it as an
optimization problem we are attempting to maximally decrease polarization while staying within the
set budget. We test our method on synthetic and real-world data sets, and find out that polarization
is declining, and diversity is increasing. This proves that our recommendation engine has a penchant
for finding the ideal connections between the nodes to start a dialogue. Our research presents a
successful tactic to quantifying and reducing polarization in social media networks. The results
indicate that our novel metric and intervention technique are effective in dismantling echo chambers,
thereby promoting diversity in these networks.

Keywords: echo chamber; filter bubble; digital social networks; social network analysis; polarization;
diversity; community discovery

1. Introduction

The popularity of Social Networking Services (SNS) platforms in the current digital era is
indisputable, with online traffic experiencing an unprecedented rise. These websites, which were
formerly only tools for sharing and conversing, have developed into massive repositories of user
information that reveal the subtleties of human behavior. The vast majority of this information may be
divided into two categories: apparent, such as the "likes" and "ratings" we leave, and implicit, which
records our nuanced online interactions and behaviors [1].

The lifeblood of today’s recommender systems is this data. These technological instruments
examine our internet footprints to make recommendations for stuff that matches our preferences. It’s
interesting to note that many recommendation algorithms heavily rely on implicit data to determine
our preferences [2], When they integrate explicit and implicit data, the true magic happens. With
the help of previous interactions, communication patterns, and responses to proposed information,
this combination provides a deeper understanding of user preferences [3-9]. Despite the enormous
progress made in the last ten years, more can be done. Making these systems smarter and more
responsive to individual users is the current objective [9-13].The problem is that these algorithms
frequently show us more of the things we already like, thereby forming echo chambers. This pattern
is a major cause of polarization on social media, which results in isolated information bubbles. The
notorious Cambridge Analytica controversy [14] is a striking reminder of the way in which such
information can be used to influence public opinion. This research will examine solutions to promote a
more diverse and inclusive online community.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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1.1. Problem of Polarization

Social media has changed the way we communicate, bridging divides and promoting
cross-cultural dialogue [15]. Social media networks might resemble complex signal systems if we
were to compare them to the field of electronic engineering. Social networks feature elements like link
density, polarization levels, and information spread speed, just as signals have different components.
By adopting this novel viewpoint, we may use the concepts of electronic networks to solve problems
in the social media space. Our objective is to comprehend obstacles to smooth information flow,
particularly those brought on by filter bubbles and polarization, and then devise solutions to them.
Not content with only theorizing, we test our hypotheses to see if they hold up in both theory and
practice. And we're doing it all efficiently, using algorithm that produces the best outcome without
taxing the capabilities of the system.

1.2. Effects of Polarization

Social media has two sides to it. While technology fosters diversity of thought and offers the
voiceless a voice, it can also trap users in echo chambers, reaffirming preconceived notions and
disseminating false information [16]. It is commonly known that diversity has power. Often, diverse
groups outperform their more homogeneous counterparts, particularly in areas like invention and
decision-making [17]. In order to ensure a balanced online ecosystem, we want to develop a complete
framework that identifies and quantifies polarization, and subsequently mitigates its consequences.

1.3. Solution Space

Fighting polarization is a societal issue as much as a digital one. In order to foster diversity
and close gaps, societies have throughout time implemented programs like student outreach efforts
and cultural exchanges [18]. In the online world, recommendation algorithms frequently hold the
answers, especially in fields like collaborative filtering and serendipity. Collaborative filtering is all
about identifying patterns in user activity, while serendipity focuses on surprising users with novel
content [19-24]. We must first comprehend the causes of polarization in order to develop remedies
that are based on this knowledge.

1.4. Proposed Solution

The two primary stops on our research trip are developing a metric to gauge polarization and
developing strategies to lessen it. The Polarization Pointer beta is a statistic that we are presenting
that is sensitive enough to pick up even slight changes in a network’s dynamics. To maximize impact
while maintaining within budgetary restrictions, our intervention technique is focused, concentrating
on important nodes. The potential of our method is seen in Figures 1 and 2, which provide a visual
comparison of polarized and non-polarized networks.

Figure 1. A polarised network.
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Figure 2. An unpolarized network.

In Figures 1 and 2, it can be seen that the blue and green nodes are highly polarized and divided
into two separate communities whereas, in Figure 2, the important nodes of both communities
are intervened. This will bring about a decrease in overall polarization. Results show that our
recommended intervention reduces polarization more than any other established method.

1.5. How This Work is Different From Others

Substantial work has already been done in this domain as we’ll discuss in Literature Review.
However, our work stands out in the sense that our focus is on quantifying and minimizing polarization
after taking into account majority of the factors that are influencing it. Apart from this we focus on the
content that an individual is exposed to and argue that an individual’s opinion doesn’t stay constant
over time rather changes on basis of the opinion of the connections it has.

1.6. Datasets

We use many sources to procure and generate specific datasets which will be used for this research.
We explored the dataset collection method on various levels and attempted to use synthetic data as well
as real-world dataset for validation of our claims. This extensive testing on various kinds of data helped
us evaluate results in different network situations and configurations to get rid of any potential biases.
We have stated the limitation and scope of the datasets where required. For example, the number of
nodes in the selected dataset versus the practical size of the social media platforms. After working on
the detection and quantification of the polarization problem, we finalized the following sources.

1) Karate:

The dataset was collected from a university in the US that showed the social interactions of a
karate club. It was collected during the 1970s [25]. It is divided into two well-defined same-sized
groups. A graphical representation of the dataset is given in Figure 3.

Figure 3. Graphical representation of Karate dataset.
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2) Polbooks:

A book network related to US politics, available on "amazon.com" [26], is represented where
individual books are depicted as nodes. Links between nodes indicate books that are often bought
together. The categorization of these books is as follows: Liberal (43), Conservative (49), and Neutral
(13). Books labeled as Neutral are arbitrarily allocated to either the Liberal or Conservative group. A
plot of the network is shown in Figure 4a

(a) Polbooks dataset (b) Polblogs dataset
Figure 4. Graphical representation of Polbooks and Polblogs dataset.

Polblogs:

A network showcasing links between weblogs focused on US politics from 2005 is presented [27].
These blogs are identified as either Liberal or Conservative. We overlook the direction of the links and
focus on the most significant connected segment. This analysis yields two groups with 636 and 586
blogs respectively. Details about these datasets can be found in Table 1. All connections in the network
are considered bidirectional, and every link is assigned a weight of 1. A plot of the network is shown
in Figure 4b

Table 1. Dataset Summary Statistics.

Dataset Name  Number of Nodes Number of Edges

Karate 34 78
Polbooks 105 441
Polblogs 1222 16717
Synthetic Data 6000 600000

2. Literature Review

This research is focused on understanding and addressing the phenomenon of filter bubbles
and the resulting polarization on social media platforms. As we keep increasing our dependency on
these platforms as primary sources of news and communication, it has become critical to analyze the
hazards of content recommendation and the resulting impacts of this algorithmic process on society at
large. From what we’ve gathered, this work represents a groundbreaking approach to address to this
complex issue. Previous works in this domain were limited to picking on some aspects affecting the
polarization and tweaking them whereas this research explores a variety of factors and makes sure to
quantify the polarization level of a network by assessing every potential and impacting factor. After
that we shed light on how just making a small number of tweakings can result in a considerably less
polarized network which can break through the confines of echo chambers and create a more balanced
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and inclusive society. In this way, this work relates to the problem of recommendation systems based
on serendipity as we aim to develop a recommendation system based on aligning polarized users with
each other.

2.1. Diversity Measures

Substantial amount of work has been done to quantify diversity in social networks, different
research works focus on different aspects of the problem to best describe how diverse a given network
is. Matakos et al. [28] consider social networks in form of a graph where nodes denote users and edges
denote relationship between the nodes. Each user is also assigned an opinion value which represents
their binary belief. They have assumed that the opinions are binary (i.e s; € {—1,1}) and that all the
edge weights and node costs are equal to 1. Essentially their diversity index is computing diversity
by counting the number of edges between the two communities of people having opposite opinions.
However, datasets with only binary opinions do not accurately reflect real world situations where
opinions take a range of values from mild to extreme and can be neutral too.

Similar to this is the work of Morales et al. [29] in which they study the phenomenon of echo
chambers on Twitter dataset from 2017 (French Elections). They assume each user has a newsfeed
which contains tweets from their leaders. The tweets have been labeled. They take several factors into
account like the average proportion of posts supporting a party say 's’ on newsfeed of a particular user
‘n’. This metric is calculated by computing the proportion of time the said user’s news feed contained
tweets labeled as ’s’. After that they take a vector for user 'n’ that describes the distribution of its
political leanings. They quantify diversity using the metric they propose which is calculated based on
the proportion of posts from different parties in a user’s newsfeed. A value of 0 on their suggested
metric denotes a perfect echo chamber, or polarized or non-diverse network, in which the newsfeed of
'n’ solely contains postings referring to one political party. A score of 1 on the other hand indicates that
all parties are equally represented on the newsfeed with the same average proportion, indicating a
newsfeed of material that is maximally balanced or diverse.

2.2. Polarization Measures

Polarization detection is mostly done using graph and network based techniques to detect
clusters/communities in graph nodes. Akoglu [30] models this problem as a node classification task on
edge-signed bipartite opinion networks. This work is specific only to networks that can be modelled
as bipartite graphs, which might not be the most general case. The next work [31] we discuss sets
up this problem of quantifying polarization level of a social network as a very interesting boundary
problem. They consider a graph divided into two communities G1 and G2, and each community has
a boundary. They propose that a boundary node is that node which has connection with the other
community whereas, an internal node is a node that is living in its silos without having any direct
connection with the other community. They then argue that the polarization can be measured as
the proportion of the edges the boundary nodes have with the members of the internal nodes of its
community. If the boundary nodes have more edges with the members of its own community than the
members of the other community then the network will be more polarized however if the number of
connections (edges) between the boundary nodes and the members of its own community are lesser
than the edges the boundary nodes have with the nodes of the other community then the network will
be less polarized. The measure they propose makes sure that polarization lies between -0.5 and 0.5.
They argue that the concentration of high-degree nodes in the boundary can correspond to the absence
of polarization which is not always true so this method can only be applied to some graphs because it
doesn’t consider the structure of the network properly. For example, the case where nodes connected
to internal nodes of one community are far greater in number than such nodes of other community
cannot be considered through this measure.

Another work [32] introduces a term called center of gravity to find out how polarized a network
is. They begin by partitioning the nodes into two sets i.e. elite and listeners. The elites have constant
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opinions of their own. The listeners, on the other hand, have an initial opinion of 0 and at each time
step they become the average of their neighbors” opinion. They denote the fraction of people holding a
positive opinion as A" and those holding a negative opinion as A~. The polarization is computed by
finding out the how far the average opinion of one community is from the other community.

While the idea of calculating polarization based on distance is quite innovative, this distance
metric doesn’t take into account the structure of network properly, so the work of Hohmann et al. [33]
uses a more holistic Generalized Euclidean (GE) distance measure, that takes network structure into
account as well and calculates the effort required to move between different opinions in the network.

This means quantitatively measuring how different people’s beliefs or opinions are on a particular
subject. It addresses different components that add to the network polarization:

1.  Opinion component: How the people’s ideologies diverge.

2. Structural component: How the network is structured (Person X is friends with Person Y).
Connections with like-minded individuals. If there is no community structure, each individual
is connected to every other individual and thus exposed to multiple views. If there are clear
communities, individuals will only be exposed to ideas within that community.

3. Interplay between Opinion component and Structural Component:

a Depending on the system’s meso level organization, the same communities and opinions
might produce varying degrees of polarization. Communities that can openly connect
with one another regardless of their political views show less polarization than those that
form in increasingly severe echo chambers. The polarization measure J¢ , is modeled as
a node vector distance problem. L = estimate of the effective “resistance” between two
nodes in a system. This is done using a pseudo-inverse Laplacian to estimate the effective
resistance. The result of this operation is then inverted (Moore-Penrose pseudo-inverse) to
get L which gives us a good notion of the distance between two vectors say a and b. They
divided the vector o into the vectors o+ and o in order to apply GE to estimate polarization.
O- contains the absolute value of all negative opinions and 0 otherwise, while O+ contains
all positive opinions After that, their J; , measure of polarization becomes:

06,0 = \/(0F —07)TLH(0* —07) M)

The average "distance" between randomly selected nodes in o+ and o, weighted by how fervently
these nodes believe what they believe (for example, the distance between two nodes with opinions +1
and 1 is weighted more than if the nodes had opinions 0.1 and +0.1), can be interpreted as 6 ,.

Next we discuss another method [34] that uses a popular and classical opinion formation model
called Friedkin and Johnsen (1990). Within this model, opinions are modeled as real numbers between
[—1,1]. Each user has an internal opinion S, that is given as an input (and it is fixed). This user
also has an expressed opinion Z,. This expressed opinion depends on their internal opinion and
opinions in the social network. Within a social network, if a user U takes a random walk, Z, will
be the expected opinion the user will reach. High values of Z,, means the individual is surrounded
by like-minded individuals with extreme opinions and low value of Z, means the U’s social media
network has moderate and diverse opinions. |Z,| is the degree of polarization of user U. We measure
this by looking at the length of the vector z under the Ly, norm.

The Friedkin and Johnsen (1990) model is used to determine polarization because it makes the
assumption that each person 7 has a persistent internal opinion S; and an expression opinion Z; that is
influenced by both their internal opinion and the opinions of their neighbors.

Wiis; + LjeN (i) WijZj
Wij + LjeN(i) Wij

@

Zi =
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Where Wj; is the weight an individual goes to their own internal opinion. Using this, they finally
converge to Z, which is the opinion vector for the whole network. Then they define the polarization
index, which is:

Ty = o 3)

The weights W;; and W;; have an impact on the probability as well because they determine the
likelihood that a certain edge will be followed. High Wj; weight, for instance, indicates that the user is
more likely to become immersed in her own opinion node than to follow a path through the network
to another node. If a node v; has an equal likelihood of reaching both positive and negative opinions,
or a balanced perspective of the network’s thoughts, the value |z;| for that node is minimized. The
value of \z]-| will be high, however, if the user is confined to a filter-bubble of friends who share their
radical viewpoints.

Cinus et al. [35] investigate the role of people recommender algorithms, such as "People You
May Know" or "Who to Follow" features on social media, in creating echo chambers and polarization.
These algorithms typically suggest connections based on network structure and shared interests, often
leading to homophilic (similar) links. The paper evaluates three such algorithms: Directed Jaccard
index, Personalized PageRank, and Opinion-biased algorithm, using two opinion dynamic models,
Bounded Confidence Model (BCM) and Epistemological model, to simulate opinion changes during
user interactions.

BCM assumes that interactions only change opinions when they are within a certain confidence
interval, while the Epistemological model assumes that one opinion is factual and the other is its
negation.

The paper uses two global metrics to measure the impact of recommender systems on echo
chambers and polarization: Neighbors Correlation Index (NCI) and Random Walk Controversy
Score (RWC). NCI measures the correlation between a node’s opinion and the average opinion of
its neighbors. A value of -1 indicates perfect anti-correlation, while a value of 1 indicates perfect
correlation.

RWC measures the difference in probabilities of two events: both random walks starting and
ending in the same partition, and both random walks starting and ending in different partitions.
High RWC values indicate low probability of crossing partitions (high polarization), while low values
indicate high probability of crossing partitions (low polarization). However, this measure does not
account for the size of communities or the total degree of nodes in the partitions, which are significant
factors affecting polarization.

The study [36] explores the behavior of individuals within echo chambers or filter bubbles, where
users are surrounded by like-minded individuals and there is little to no difference in opinions. It
examines how these communities evolve over time, considering user activity and emotions expressed.
The study uses three growth models: the Gompertz model, the Logistic model, and the Log-logistic
model, and finds that both science-focused and conspiracy-focused communities show similar growth
patterns.

The study measures community growth using user commenting activity as a proxy for
engagement. Users are classified into three groups based on their commenting frequency, and their
temporal evolution is tracked. A method is developed to classify users as "Scientific" or "Conspiracy
Theorist" based on their interactions with labeled data on Facebook.

The study also conducts a sentiment analysis to model users’ emotional behavior as a function of
their community involvement. It uses a Machine Learning Sentiment Classifier to classify comments
into positive, neutral, and negative sentiments. Three metrics are used: Mean User Sentiment, Mean
negative/positive difference of comments, and User sentiment polarization.

At the community level, the study calculates the Community negative/positive difference of
comments and Mean community sentiment polarization. The findings suggest that as users become
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more active within echo chambers, they tend to express increasingly negative sentiments. Furthermore,
user sentiment polarization is generally higher for science users compared to conspiracy users.
However, as activity increases, science users tend to decrease their sentiment polarization, while
conspiracy users tend to increase it.

The paper [37] introduces a different approach to opinion dynamics, where changes in opinion
are observed over distinct steps or time intervals. The paper uses the Friedkin-Johnsen (FJ) model,
which is known to converge to a set of equilibrium opinions over time. The expressed opinion of a
node is calculated as a function of its internal opinion and the weighted sum of the opinions of its
neighbors, divided by the degree of the vertex. The paper defines the concept of polarization as the
mean square error of the opinions in the network, with respect to the mean opinion. The polarization
ranges from 0 (when all opinions are equal) to N (when half of the opinions are at -1 and the other half
at 1). The paper also introduces the concept of disagreement, both at a local and global level. Local
disagreement is defined for a node as the sum of the squared differences between its opinion and the
opinions of its neighbors, weighted by the connection strength. Global disagreement is an aggregate
measure, defined as the sum of local disagreements for all nodes, divided by two to ensure each edge
is only counted once.

2.3. Controversy Measures

The paper [38] presents a unique approach to quantifying the polarization level of a network by
calculating a controversy score. This score is based on edge betweenness centrality, a measure of the
significance of each edge in a network, which is determined by how often an edge lies on the shortest
paths between different pairs of nodes.

In this context, a graph G = (V, E) is divided into two communities with opposing opinions on a
topic. The controversy measure is used to determine how well-separated these two communities are.
The betweenness centrality of an edge is defined as the ratio of the number of shortest paths between
nodes s and ¢ that include the edge e, to the total number of shortest paths between nodes s and ¢.

The Kullback-Leibler (KL) divergence is then computed for the distribution of edge betweenness
centrality of the crossing edges (those connecting the two communities) and the internal edges (those
within a single community). The Betweenness Centrality Controversy (BCC) of the graph is defined as:

BCC =1—¢ (4)

The BCC value ranges from 0 to 1. A BCC value of 0 indicates a small divergence, meaning the
betweenness centrality of the crossing and internal edges are similar, suggesting a diverse graph. A
BCC value of 1 indicates a large divergence, meaning the betweenness centrality of the crossing and
internal edges are very different, suggesting a polarized graph.

However, this model does not consider the strength of opinions across either side and assumes
that opinions take one of two possible values instead of a spectrum, which may overlook some
important details.

2.4. Recommendation Systems

We relate our problem to recommendation systems that work by presenting information based
on our prior choices or those of other users who share them, recommender systems have completely
changed how we interact with content online. According to Mi Zhang and Neil Hurley [39] these
recommendations may unintentionally create "filter bubbles" that restrict our access to a variety of
content. Because of this, we frequently find ourselves in "echo chambers" where we only hear views
that agree with our own, strengthening our preexisting prejudices and impeding our interaction
with other viewpoints. Recognizing this situation, efforts have recently been undertaken to diversify
recommendation algorithms in order to encourage the investigation of new ideas and themes [40].
The goal is to produce a more interesting and well-rounded online experience. Another body of
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research [41] says that user satisfaction is greatly increased by topic-diversified recommendation lists.
However, as argued in another research [42] finding a balance between customization and diversity
continues to be a major difficulty. Although customization adapts content to users’ tastes, it can
also reinforce preexisting opinions and limit exposure to new viewpoints. The need to maintain this
delicate equilibrium has given rise to numerous creative solutions. As an illustration, the idea of
"serendipity-based" recommendations, as put forth by Murakami et al. [43] proposes recommendations
that diverge from previous user interactions in an effort to introduce novelty and broaden users’
horizons. This strategy works particularly well when customers gravitate toward well-known or
well-liked products, limiting their exposure to other possibilities.

2.5. Methods of Polarization Reduction

We have come across various methods of computing polarization, after evaluating how polarized
a given network is the next step becomes to find out optimal methods that enable us to reduce this
polarization. This has implications in real life as well as it has been shown that social polarization
hampers the economic growth of a society [44] so reducing it is imperative to ensure a stable and
smoothly running community. For this purpose, we have done a detailed review of methods that can
be used to tackle this polarization problem and help us reduce it.

Garimella et al. [45] proposes an approach to add new edges to the graph in order to provide
exposure to opposing points of view. Likewise, [46] adopts an information diffusion approach. It
proposes an algorithm to select seed nodes such that the exposure of nodes in a graph, as a result
of information propagation, is balanced. Given two opposing campaigns, it selects seed nodes such
that after information is propagated through those nodes, the resulting information exposure of the
graph is balanced. Moreover, Musco et al. [47] formulate the problem as selecting a set of nodes such
that it minimises polarity as well as the disagreement that would occur due to linking of individuals
with different opinions. It proposes an approach to find the optimal structure of a graph that would
minimise both objectives. The former work focuses on setting the opinions of selected nodes to zero,
corresponding to a neutral opinion and does not consider the possibility of changing the individual
leaning towards the counter opinion. The latter aims to change the network topology which might
not be realistic in most scenarios. All these approaches share a common objective of minimising some
measure of polarization by making recommendations to a subset of the nodes.

In [28], the authors assume binary opinions such that the opinion vector s; € {—1,1}. Given P;
(the weighted degree of node i), b; (the cost of changing node i’s opinion), and a budget k, the authors
select the nodes with the highest values of P;;/b; and flip their opinions. If all edge weights and node
costs are set to 1, the problem simplifies to selecting k nodes with the highest degrees. The authors
report the results of flipping the opinions of the top 0.1#, 0.2n, and #n nodes in their study. This method
seems to break filter bubbles and increase the diversity of information exposure among connected
individuals in social networks. However, flipping the opinions of such a large number of people in
real life is not very practical or realistic.

In [29], the authors study the phenomenon of echo chambers on a Twitter dataset from 2017
and maximize the diversity of content exposed to users using a quadratic program that finds the
best recommendations to show to a user. The paper focuses on optimizing personalized content
recommendation policies to maximize the average diversity of newsfeeds across the platform.

Another method [34] aims to reduce the overall polarizability of a given network by convincing
people to adopt a more moderate opinion. Given a budget value K, this research focuses on identifying
the best set of individuals, where moderating their opinion will reduce the polarization of the whole
network the most. They further define two variants of the problem:

1. Moderate Internal: Attempt to moderate the internal opinion S, of individuals and bring it to
Su = 0 (through educational interventions).

2. Moderate External: Attempt to moderate the external opinion Z, of individuals and bring it to 0
(this can be done through incentives).
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Having discussed various methods to quantify and reduce polarization along with their
limitations, we will now focus on devising a unique system to measure and reduce polarization.
We will do so while considering all major confines of the previous works in the subsequent discussion.

3. Proposed polarization metric

In social networks, polarization is the term used to describe the emergence of separate ideological
communities that are distinguished by a wide range of viewpoints. Addressing concerns associated
with information segregation and echo chambers depends on understanding the fundamental causes
of this phenomenon. In this study, we explore an undirected polarized social network that splits people
into two communities according to their opinion values, which are measured between -1 and 1. With a
particular focus on the most influential factors towards polarization, namely, distance between opinion
nodes, intra-community and inter-community connection strength, and boundary edge density, our
goal is to identify and analyze the key factors responsible for polarization and, as a result, quantify the
polarization.

4. Methodology

We first acquire a representative dataset made up of people’s opinion values in order to better
understand the components that contribute to polarization in the social network. The network’s
structural characteristics are then thoroughly analyzed, with a focus on the partitioning of nodes into
two distinct groups according to their viewpoints. To represent the interactions and linkages among
the members, the network is modeled as an undirected graph.

4.1. Factor Analysis

We uncover numerous parameters that significantly affect polarization and echo chamber
development through a thorough analysis of the network, including:

1. The distance metric: The distance metric indicates the degree of divergence or disagreement
between the opinion values of nodes both within and between communities. Greater polarization
and ideological division are indicated by a greater gap. Various methods have been investigated
in the literature already, which measure the separation between opinion nodes. In this study, we
use the "Distance Metrics" method, concentrating on the separation between the two different
opinion groups’ centers of gravity, i.e.

d=|CGy — CG,|

2. Intra-Community Connection Strength: The degree of cohesion and alignment among those who
hold similar views is shown by the strength of connections within each group. Communities that
are more cohesive tend to develop echo chambers.

3. Inter-Community Connectivity: The information flow and potential exposure to other viewpoints
are influenced by the existence of connections between persons from various communities. Greater
polarization is correlated with decreased intercommunity connectivity.

Instead of relying entirely on conventional techniques, we adopted a novel strategy to
quantitatively quantify the connection’s strength (s) within the social network. In this study, the
opinion values of the nodes connected by an edge and the associated weight given to that edge were
combined to determine the connection strength (s). By using this promising method, we can analyze
polarization dynamics with greater precision while learning more about how the network coheres and
how echo chambers arise. We obtain an exact measure of connection strength (s) by including both
opinion values and edge weights, which follow as:

5= Z(wij 4 Oj)
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4.  Density of Boundary Edges: Boundary edges, which indicate relationships between members of
various communities, are very important in determining the degree of polarization. A greater
density of these edges suggests a greater mingling of viewpoints, which would lessen polarization.
A precise and consistent methodology is used to calculate the social network’s density of boundary
edges (p) properly. The ratio of the number of actual boundary edges (#.) to the total number of
potential boundary edges (N,) in the network is the definition of this statistic. The determination
of p is crucial because it provides insight into the interaction of views among various communities
within the network. It is possible to gather important knowledge about the degree of interaction
and information flow between members of various ideological groups by assessing the density of
boundary edges. A higher p value denotes a better level of community connection, which
may minimize polarization, whereas a lower value denotes more splintered and polarized
groupings. The inverse of p is utilized here, which is denoted by (1 — p), called sparsity, to
measure polarization. The sparsity of edges between groups is effectively captured by this
transformation, allowing for a more accurate evaluation of the degree of polarization in the social
network.

_ e
p_Ne

4.2. Formulation of polarization pointer

It's critical to comprehend the underlying principles and subtleties of our polarization
quantification method now that we’ve introduced the factors affecting it. In light of this, we’re going
to explain how this metric, which was created especially for social media datasets, was derived. The
Polarization Pointer, designated as B, is obtained by taking into account the following key variables:
the edge density (p) in the network, the distance (d) between opinion nodes, and the connection
strength (s) both within and across communities.

With these essential factors identified, the formula for the Polarization Pointer is derived as

follows:
p=dx(s+(1-p))
h 4 — le6i—cG | _ X(wj-0;-05) _ 2.ep
Where, - 2 © 8T T xw 0 P T D om - Dona(np 1)

Here, B stands for the Polarization Pointer, a numerical gauge of the degree of polarization in
the social network. The formula takes into account the inverse of edge density (1 — p), as well as
the effects of distance (d) and connection strength (s). The computation of the Polarization Pointer
offers important insights into the polarization dynamics of the network and its possible sensitivity to
echo chamber effects. These elements are included in the formula to enable a thorough knowledge of
polarization, allowing researchers to assess the ideological differences within the network and create
focused interventions to support information diversity as well as bridge ideological gaps.

The utility and reliability of the formula are improved by normalization. Each component must
be normalized for the formula to generate results that are accurate and comparable. Normalization
eliminates any unjustifiable dominance of particular components by guaranteeing that each component
contributes equitably to the overall polarization measurement.

The normalized Polarization Pointer’s formula is as follows:

B= %(d x max(s+ (1 — p),0)>- ®)

The three main parts of the suggested polarization formula are s, p, and d. Each element captures
a particular feature of the polarization dynamics of the network.

Special case: The proposed metric can be expressed as follows when there are no boundary edges
between the opinion groups, resulting in a network with disjoint groups:
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ﬁz%(dx(s—i-l)). ©)

Due to the absence of connections between the groups being studied, a high sparsity metric in this
situation emphasizes the sharp division of groups.

By considering measures of connectedness, sparsity, and separation of viewpoints, the suggested
formula provides an in-depth way of evaluating polarization in networks. These components aid
in a better understanding of the underlying dynamics affecting polarized networks by researchers.
By taking into account the uncommon situation where there are no boundary edges, the peculiar
characteristics and implications of polarization in networks with disjoint groups are made clear. This
formula could be a useful tool for researchers looking at polarization and its effects on various domains
to better understand social dynamics in polarized environments.

4.3. Proposed Opinion Evolution Model

Opinion dynamics primarily relates to the evolution and the change in opinion that a particular
user goes through after getting affected by his or her neighbors” opinion and after spending some
time dwelling over his or her own opinion. Different factors affect individual opinions such as social
influence, media advertising, and cognitive biases. To make our model more realistic, we analyzed
different models of opinion dynamics to propose a unique model that affects an individual’s opinion’s
evolution over time.

For example, the Friedkin-Johnsen Model states that each node i maintains a fixed internal opinion
s; and a publicly expressed opinion z; which is given by:

5 o s+ LjeN(i) WijZj
i =
Wit T Ljen) Wi

So considering this, we propose the following model of opinion evolution:
Given that each node 7 has a fixed innate opinion s; and an expressed opinion at time ¢, z;(t):

Yjev wijzj(t)

zi(t+1) =as; + (1 —«a) S W
jev Wij

@)
where & is a parameter and represents the fractional weight that each node gives to its own opinion.
Ideally, this can be a function of the strength of the opinion that can vary from person to person.
However, we’ve taken it to be constant at 0.85. The idea behind taking it 0.85 is that humans, generally
give more importance to their own opinions than those of the people they are related to. But the
influence of the relatives and a person’s social circle still cannot be ignored so that is why it is also
assigned some amount of weightage.

5. Results and Discussion

The proposed polarization pointer (5) was rigorously tested on numerous datasets, including
both synthetic and real-world data, see Table 1, as part of a thorough validation process. We started
the validation procedure with a synthetic dataset to gauge its effectiveness. A total of n = 10000 nodes
were produced for this synthetic dataset, and they were clearly divided into two groups based on
randomly assigned opinion values, and hence computed the polarization factor for different numbers
of edges.

Table 2 displays the computed values for polarization, illustrating how polarization changes
as the internal edges increase. The polarization value grows together with the internal edges. This
demonstrates that the network tends to display higher levels of polarization, meaning stronger
separation or clustering within the groupings, as the number of edges inside each group increases.
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Table 2. Effect on polarization by increasing internal edges. G1 edges, G2 edges: number of edges in
group 1 and group 2, respectively. B_edges: Number of edges between the groups

Gledges G2edges B_edges Totaledges Polarization

20000 15000 20000 55000 0.5567
50000 35000 20000 105000 0.7036
120000 115000 20000 255000 0.7947
130000 165000 20000 315000 0.8139

The polarization values in Table 3 highlight the complex interplay between the network’s
structural components and its polarization dynamics. The degree of separation or clustering between
the groups tends to decrease as the number of boundary edges increases in the network. This suggests
that the type and pattern of edges linking the groups greatly impact the level of polarization seen in
the network.

Table 3. Effect on polarization by increasing boundary edges

Gledges G2edges B_edges Totaledges Polarization

130000 165000 50000 345000 0.7452
130000 165000 80000 375000 0.6906
130000 165000 110000 405000 0.6415
130000 165000 150000 445000 0.5908

These findings highlight the significance of treating boundary edges as a key element of the
network’s architecture and offer insightful information on the variables influencing polarization in
complex networks. Understanding how boundary interactions affect polarization might help in the
development of practical management and mitigation techniques in a variety of real-world situations.

Overall, the table sheds light on how edge and polarization are related, emphasizing the
significance of comprehending network topology and its bearing on polarization dynamics.

Figure 5 displays a number of graphs using various datasets. Plots from the Karate dataset
are shown in the first row. Each node in this dataset is given an opinion value, which is done in
an incredibly discrete way. A value of 1 is specifically allocated to half the nodes, while a value of
-1 is given to the other half. The data distribution based on these opinion values is shown in the
first column of the charts. The first entry of the column displays the opinions’ distribution among
the Karate dataset’s nodes. The plot in the second column shows how polarization can occur when
the margins within each opinion group are widened. This makes it easier to see how the network’s
polarization shifts as connections between groups increase.

Plots evaluating the Polbooks dataset are shown in the second row of Figure 5. The distribution
of data is determined by the opinion scores given to each node. After discretely assigning half of
the opinions a value of 1 and the other half a value of -1, the opinions are then evolved using a
predetermined algorithm, see (7). Network polarization is impacted by growing edges within each
opinion group demonstrating how increased relationships within the groups modify the polarization.
The behavior of density and connection strength with more edges offers insights into the evolution of
density and connection strength.

Following the same pattern, the third and fourth row of Figure 5 represents the plot against
ploblogs and synthetic data set.
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Figure 5. Plots of data distribution, polarization, edge strength, and density for the karate, polbook,

polblog, and synthetic datasets (top to bottom).

Minimization Problem: Optimal Reduction of Polarization

1. Introduction

Polarization in social networks can exacerbate conflicts and obstruct productive dialogue between
various groups. To solve this problem, we put forth an optimization methodology that aims to reduce
network polarization. The two main variables that affect polarization are s (segregation measure) and
o (degree of similarity and affinity between connected nodes). In order to reduce polarization, our goal
is to maximize p while minimizing s. In order to optimize the effect on polarization reduction while
abiding by a restriction on the maximum number of additional edges, we also seek the best strategy
for added edges between opinion-based split groups.

2. Variables and Definitions

s: The segregation measure, calculated as the ratio of the sum of the product of weights w; and
opinion values o; and o; to the sum of indices i. This variable captures the level of separation between
different groups within the social network.

p: The p, computed as the ratio of twice the number of boundary edges e, to the total possible edges
n(n—1) —ny(ny —1) —np(ny — 1), where n1 and n, represent the sizes of two separate opinion-based
groups. This variable indicates the degree of similarity and affinity between connected nodes.

d: The distance measurement, which represents the size difference between the two distinct
groups, divided by two. Based on the groups’ differences in opinion values, this measure sheds light
on how far off they are from one another.
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3. Minimization Objective

Our objective is to intentionally add edges between groups that are divided based on opinions
in order to reduce the polarization measure. We concentrate on reducing the segregation measure s
and raising the measure p in order to achieve this. The maximum number of edges that can be placed
between the groups, however, sets restrictions on our ability to proceed.

4. Optimization Problem Formulation

Let E be the set of all potential edges connecting groups that have been divided based on their
opinions and E,q4eq be the set of additional edges. We can formulate our optimization issue as follows:

Minimize: B = % (d x max(s+ (1 —p),0))

Subject to:  |Eaqded| < MaxEdgesToAdd

where MaxEdgesToAdd is the maximum number of edges that can be added between the groups.
The edges added must be selected optimally to maximize the reduction in polarization.

5. Solving the Optimization Problem

Due to the inclusion of the continuous variables s, p, and d, as well as the discrete variables
MaxEdgesToAdd, the minimization problem at hand involves a challenging optimization work
incorporating both discrete and continuous variables. We suggest the following methodical approach
for effectively determining the best arrangement of added edges:

Node Grouping and Selection:

We first divide the nodes into groups according to how positive and negative they are. Based on
the size of their opinion values, these groupings are then arranged in descending order. The best m%
of nodes are carefully chosen from each group. This selection procedure’s goal is to pinpoint important
nodes for potential connections.

Identifying Optimal Node Pairs:

Our focus lies on reducing the segregation measure, denoted as s, by connecting nodes from
selected groups with divergent viewpoints. To achieve this, we compute the product of opinions for
all possible node configurations between the chosen nodes. By ranking the products of opinions, we
can determine which node pairings have the most significant impact on lowering s. In this manner, we
identify node pairs that offer an optimal value of opinion products for reducing segregation.

Edge Addition Strategy:

We give priority to adding edges between the node pairs that reduce s the most based on the
computed product values. We may maximize the effect of the additional edges on polarization
reduction using this tactical method.

Through the application of this method, we hope to significantly lower the value of the segregation
measure s within the social network. By joining nodes from opposing opinion groups where the sum
of their opinions is negative, the reduction in s is achieved, helping to achieve the desired drop in
polarization.

In addition to the proposed method, we make use of sophisticated optimization algorithms
that effectively explore the problem space while abiding by the limitations placed on the number of
additional edges that can be added. Finding a configuration that significantly reduces polarization
and promotes a more cohesive and inclusive social network is the ultimate goal.
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Algorithm 1: Pseudocode for adding boundary edges

Data: Graph G, nodes group: g1, $2
g1 < Sort_W.R.T_Opinion(g1);
g2 < Sort_W.R.T_Opinion(gy);
nodes <— Top_percent(g] N g2);
for n; in Top_percent(g;) do
for nj in Top_percent(g2) do
‘ opij < opinion_value(n; x nj),‘
end
end
edges « {nn; | n;,n; € OP};
Gwithiedges A COpy(G),‘
for edge in edges do
‘ Add—Edge(Gwithgedgesr edge);
end

To test the effectiveness of the proposed method, various datasets - both real and synthetic -
were examined using the proposed approach. Figure 6 displays a comparison between well-known
methods such as betweenness centrality, degree centrality, and the proposed technique. It’s clear that
the proposed approach is the most suitable for reducing polarization. The graphs illustrate how the
amount of boundary edges added influences the value of polarization. The following are the main
findings:

Effectiveness of Polarization Reduction: When compared to betweenness centrality and degree
centrality, the suggested algorithm yields the lowest polarization values, demonstrating that it is the
most effective way for decreasing polarization.

Sensitivity to Boundary Edges: The suggested method responds more strongly to changes in the
network structure, leading to more significant decreases in polarization. It is more sensitive to the
inclusion of boundary edges.

Effectiveness in Different Network Sizes: In large networks as opposed to small networks, the
suggested method is more effective at reducing polarization. This suggests that the algorithm would
operate more effectively in circumstances involving more nodes or data points.

We developed a novel approach that carefully places edges between the top nodes of opposing
groups in an effort to combat network polarization. This method’s effectiveness was compared to that
of other well-known approaches, including edge addition based on betweenness centrality, degree
centrality, and random selection.

Visual examination of the plotted results in Figure 6 revealed that our strategy outperformed the
alternatives in terms of polarization reduction. Specifically:

Our Suggested Approach: Showed the greatest reduction in polarization. We more successfully
overcame the inherent gaps by focusing on top nodes from each category and encouraging linkages
between them.

Betweenness Centrality: Although this approach reduced polarization to some extent, it was less
successful than our suggested way. This implies that while betweenness centrality can identify key
nodes for information flow, it might not always be able to identify the nodes that are most effective in
bridging polarized clusters.

Degree Centrality: Adding edges based on degree centrality demonstrated some polarization
reduction, similar to betweenness centrality. It yet fell short of our approach, demonstrating that
merely having popular nodes does not guarantee efficient polarization reduction.
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Random Edge Selection: As expected, this method also couldn’t do better than our approach.
The lack of a purposeful selection mechanism made it less effective overall, even though some chance
contacts may have helped to heal polarized groupings.

Overall, the observations suggest that the proposed algorithm is a powerful approach for reducing
polarization in different network datasets. The results emphasize the importance of network structure
and the potential benefits of using the proposed algorithm in addressing polarization in social networks
or similar systems. As a result of our method’s higher performance, it has the potential to be a powerful
instrument for reducing polarization inside social networks, providing a more unified and harmonious
network structure than those produced by other common approaches.
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Figure 6. Comparison of Polarization Reduction Methods.

6. Conclusions

To engage with the polarization problem in social networks we did a detailed literature review, to
understand the dynamics of this area. While a lot of work has been done in this domain, the majority
of the available work was addressing only a specific factor of the polarization problem due to which
the proposed solutions had limited practical implementations. A systematic approach was adapted
to identify the majority of the factors that influenced polarization which were then captured in a
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mathematical model. This research does the following three things: 1) Predicting a person’s opinion as
it changes with time 2) Wholistically measuring polarization in a network by encompassing all factors
contributing to it 3) Drafting minimizing polarization as an optimization problem subject to constraint.
Results on various data sets support this claim. Besides accurately measuring the polarization, the
optimal solution was also proposed through which we can mitigate the issue of polarization. The
effectiveness of our strategy was evaluated by comparing the levels of polarization before and after
our intervention. For future work, we can look at Artificial Intelligence as a potent ally in the struggle
against polarization when it comes to forecasting. We might be able to predict network polarization
flare-ups by using advanced Al techniques. Then, our Polarization Pointer could intervene to evaluate
the precision of these Al forecasts.
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