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Abstract: While facilitating global communication, social media platforms often exacerbate
ideological polarisation, contributing to echo chambers and filter bubbles that hinder
constructive discourse. This paper presents a novel approach using genetic algorithms (GAs)
to mitigate polarisation in online social networks. Unlike traditional methods that offer static,
symptom-based solutions, the GA-driven model dynamically identifies and modifies influential
nodes to reduce polarisation while preserving network integrity. Optimising interactions among
key nodes enhances diversity and fosters more inclusive dialogue. The model is validated
using real-world datasets, including Polbooks and Polblogs networks, demonstrating significant
polarisation reduction with minimal disruption to the network structure. The approach advances
the theoretical understanding of polarisation mitigation and provides practical applications for
designing recommendation systems that promote healthier, more diverse online communities.
The study emphasises the potential of interdisciplinary methodologies, integrating computational
algorithms with social science insights to create a more balanced and engaging digital
environment.
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1 Introduction

Social networking services (SNS) platforms are now a big
part of our digital world. More people are using them than
ever before. These platforms, which started as places to
chat and share, now collect a lot of information about how
we behave online. This information can be clear as well as
hidden. For example, it can be clear similar to the ‘likes’
we give on social media. Whereas, it can be hidden like the
patterns of our online chats (Ko et al., 2022).

This information is very important for today’s online
recommendation systems. These systems look at our online
actions to suggest things we might like. Many of these
systems use the hidden patterns to guess our likes and
dislikes (Beheshti et al., 2020). When they use both clear
and hidden information, they can understand us better
(Abbasi-Moud et al., 2021; Liu and Lee, 2010; Yang et al.,
2017; Amato et al., 2019; Capdevila, 2016; Tarus, 2017,
Choi et al., 2012). But there’s a problem. These systems
often show us things that we already know or like. This
can create ‘echo chambers’ where we only hear similar
views. This can lead to more division on social media.
The Cambridge Analytica issue (Kaufman, 2018) showed
how this information can be misused. This research looks
at ways to make online spaces more open and welcoming
for everyone.

1.1 Research gap

Current approaches to mitigating polarisation often focus
on detecting and measuring it rather than providing robust
solutions. Existing methods, such as edge addition for
exposure or opinion flipping, address symptoms rather than
root causes, and their effectiveness varies across different
network structures. Moreover, many methods fail to account
for the dynamic and complex nature of real-world social
networks which this research has done.

1.2 Background and impact

Polarisation in social media manifests as ideological
divides, leading to decreased common ground and increased
social distance between groups. This study aims to address
this issue by leveraging genetic algorithms (GAs) to reduce
polarisation efficiently and effectively. GAs are well-suited
for this task due to their adaptability and robustness
in navigating complex problem spaces. By identifying

and influencing key nodes within the network, GAs can
significantly mitigate polarisation while maintaining the
network’s structural integrity.

1.3 Novelty of the research

This research introduces a novel approach using GAs to
reduce polarisation in social networks, addressing the root
causes rather than just the symptoms. Unlike traditional
methods like edge addition or opinion flipping, which are
static and sometimes ethically contentious, our GA-based
approach dynamically adapts to changes in network
structure and user behaviour. It focuses on identifying
and optimising influential nodes and connections, crucial
for managing the complex dynamics of social media
environments. GAs efficiently explore large networks to
find optimal solutions, avoiding local optima and ensuring
minimal intervention. The method is highly scalable,
requiring only minor modifications to the network structure,
thereby preserving its integrity while promoting diverse
interactions. Its versatility allows application across various
social media platforms and datasets, making it a robust
tool for tackling polarisation in different contexts. This
approach is more targeted and ethically sound, enhancing
network diversity without disrupting natural discourse.
Validation with real-world datasets demonstrates significant
reductions in polarisation metrics, confirming the method’s
effectiveness and potential to foster more inclusive and
diverse online communities.

The application of GAs to reduce polarisation in
social networks has significant implications across various
industries. In social media, it enhances user engagement
and satisfaction by promoting diverse and inclusive
environments, while also improving content moderation.
E-commerce platforms can use this approach to offer
more varied product recommendations and optimise ad
targeting, broadening customer choices and campaign
effectiveness. News platforms benefit by balancing diverse
viewpoints, fostering a more informed public discourse.
In corporate settings, this method encourages open
dialogue and innovation by minimising group think.
The key contributions include the introduction of a
GA-based approach for dynamic polarisation reduction, a
comprehensive fitness function for precise interventions,
and minimal, ethical intervention. This approach is
practical and scalable, offering benefits across social media,
e-commerce, news, and corporate sectors. Future research
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should explore additional factors and larger datasets to
validate and expand its effectiveness.

1.4 Key terms and definitions

In addressing the complex phenomenon of social media
polarisation, this research focuses on following key
concepts that are critical for understanding the dynamics at

play:

1.4.1 Polarisation

In our study, we focus on ‘ideological polarisation’, which
refers to the extent to which individuals or groups within a
social network adopt increasingly divergent views, leading
to a decrease in common ground and an increase in
social distance between the groups. Ideological polarisation
encompasses both attitude polarisation, which relates to the
positions individuals or groups hold on specific issues, and
affective polarisation, which relates to how these groups
feel about each other. Our primary concern is with how
these forms of polarisation manifest within social networks
and can be mitigated through strategic interventions.

1.4.2  Diversity

We define diversity in the context of social networks as the
range of different opinions, backgrounds, and perspectives
present within a network. A high level of diversity indicates
a broad spectrum of views and a healthy dialogue across
different segments of the network. Our goal is to enhance
this diversity, thereby enriching the network’s resilience to
polarisation and encouraging a more inclusive exchange of
ideas.

1.4.3 Echo chambers

An echo chamber in the context of our research refers to a
situation within a social network where information, ideas,
or beliefs are amplified or reinforced by communication
and repetition inside a defined system. In such systems,
members are exposed primarily to viewpoints that mirror
their own, leading to a decrease in exposure to and
acceptance of differing viewpoints.

1.4.4 Filter bubbles

We use the term ‘filter bubble’ to describe the state
of intellectual isolation that can occur when algorithms
selectively guess what information a user would like to
see based on the user’s past behaviour, location, or other
factors. This can limit a user’s exposure to a wider range
of perspectives, thereby reinforcing pre-existing biases and
contributing to polarisation.

1.5 Problem of polarisation

Social media has changed how we talk to each other. It
helps people from different places and cultures connect
(Gillani et al., 2018). If we think of social media like
electronic signals, we can see some patterns. Just like
signals have different parts, social media has things like
the number of links, levels of division, and how fast
information spreads. By thinking this way, we can use ideas
from electronics to solve social media problems. We want to
find and fix problems in how information moves, especially
problems caused by division. We don’t just think about
solutions; we also test them to make sure they work well.

1.6 Effects of polarisation

Social media can be good and bad. It can help share new
ideas but can also trap people in places where they only
hear things they agree with Donkers and Ziegler (2021).
Many people believe that having different views is good.
Groups with different views often do better than groups
where everyone thinks the same (Sobkowicz, 2023). A
study Garcia (2023) explores the impact of Facebook’s
news feed algorithms on political polarisation. It was found
that these algorithms can filter partisan political news to
users, thereby reinforcing existing beliefs and contributing
to ideological divides. The research highlights the need
for algorithmic transparency and modifications to reduce
polarisation effects on social media platforms. Another
recent study conducted by researchers from Princeton
University (Tokita et al., 2021) investigates how users’
self-curation of their social media feeds leads to the
formation of polarised networks. By analysing Twitter data,
the study found that users tend to follow and unfollow
accounts based on perceived trustworthiness and alignment
with their views, inadvertently creating echo chambers that
amplify polarisation. This research underscores the natural
emergence of polarised discourse even without explicit
partisan identities being known. So, we want to make
sure the online world is balanced. To do this, we need to
understand and reduce the effects of division.

1.7 Solution space

Fighting division is important both online and in the
real world. In real life, things like university exchange
programs and cultural events help bring people together
(Akcay, 2018). Online, recommendation systems can help,
especially when they find patterns in what we do or show
us new things (Sun, 2023; Kotkov et al., 2016b; Maksai
et al., 2015; Zhang et al., 2012; Kotkov et al., 2016a, 2017).
To find good solutions, we first need to understand why
division happens.
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1.8 Proposed solution

The challenge of polarisation in social networks is not
just about recognising its presence but actively working
towards its reduction. Building upon the established
metric from previous research to quantify polarisation, this
study introduces a novel approach to address the issue.
Harnessing the power of GAs, a method has been devised
to curtail polarisation effectively. GAs, inspired by the
process of natural selection, are adept at finding solutions
to optimisation and search problems. In the context of this
research, they are employed to identify and modify key
nodes and connections within the network, aiming to reduce
polarisation.

Figure 1 A polarised network (see online version for colours)
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Figure 2 An unpolarised network (see online version
for colours)

The primary advantage of this method is its efficiency.
Instead of a brute-force approach that might involve
extensive computations and modifications, the GA seeks to
achieve the desired reduction in polarisation in the shortest
possible time. This is crucial for real-world applications
where timely interventions can prevent the further spread of
polarisation.

The algorithm operates by identifying influential nodes
in the network that contribute significantly to polarisation.
By moderating the influence of these nodes or altering their
connections, the overall polarisation of the network can
be reduced. The iterative nature of the GA ensures that
with each generation, the solution is refined, leading to
an optimal strategy for polarisation reduction. In essence,
the proposed solution offers a dynamic, efficient, and
targeted approach to combat polarisation in social networks.
By focusing on key influencers within the network and
leveraging the optimisation capabilities of GAs, this method
promises a significant reduction in polarisation, fostering
a more inclusive and diverse online community. Figures 1
and 2 show what a polarised and non-polarised network
looks like.

In Figure 1, a clear division is evident between the blue
and green nodes, indicating a high degree of polarisation as
they form distinct communities. However, upon observing
Figure 2, strategic interventions have been applied to key
nodes from both communities. This strategic approach
aims to bridge the gap between the two polarised groups.
The results stemming from this intervention strategy are
notably impactful and underscore its potential in addressing
polarisation.

1.9 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 real-world dataset for validation of our
claims. This extensive testing 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 polarisation problem, we
finalised the following sources.

1 Polbooks: A book network related to US politics,
available on ‘amazon.com’ (Krebs, 2004), is
represented where individual books are depicted as
nodes. Links between nodes indicate books that are
often bought together. The categorisation of these
books is as follows: liberal (43), conservative (49),
and neutral (13). Books labelled as neutral are
arbitrarily allocated to either the liberal or
conservative group. A plot of the network is shown in
Figure 3(a).

Polblogs: A network showcasing links between
weblogs focused on US politics from 2005 is
presented Adamic and Glance (2005). 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
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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 3(b).

Figure 3 Graphical representation of, (a) Polbooks dataset
(b) Polblogs dataset (see online version for colours)

(b)

We want to point out here that we used data from different
online platforms as our focus was on getting network data.
The structural properties of online networks, such as degree
distribution and community formation, are consistent across
different types of platforms, supporting the relevance of our
approach to social media. Since social media has the similar
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data structure where there is a network structure comprising
of nodes and edges, this method can be easily applied to
any social media. Here in our datasets, nodes represent
books and blogs and edges determine association whereas
in social media nodes represent users and edges determine
friendships.

Table 1 Dataset summary statistics

Dataset name Number of nodes Number of edges

Polbooks 105 441
Polblogs 1,222 16,717

2 Literature review

In the evolving landscape of social media, understanding
the dynamics of filter bubbles and resultant polarisation
is crucial. While this research does not propose a new
method to quantify polarisation, reviewing existing methods
provides a foundation to understand the current state of the
art and contextualises our approach to address the issue
using GAs.

2.1 Diversity measures

In the work of Matakos and Gionis (2018) the analysis of
social networks is approached by modelling the networks
as graphs, where individuals are represented as nodes,
and the connections between them are denoted as edges.
Additionally, each individual is attributed a binary opinion
value to signify their stance on a matter. The assumption
here is that these opinions are binary, falling into one of two
categories (i.e., s; € —1, 1), and that both the weight of the
edges and the cost attributed to the nodes are uniform, set
to 1. Their methodology for calculating diversity essentially
involves tallying the edges that connect nodes of opposing
opinions, representing two distinct communities. However,
this model’s reliance on binary opinions may not fully
encapsulate the complexity of real-world views, which often
exist on a spectrum ranging from mild to extreme, including
neutral positions

The research by Vendeville et al. (2023) investigates
echo chambers on Twitter during the 2017 French Elections.
They focused on users’ feeds, which are made up of tweets
from accounts the users follow, known as ‘leaders’. These
tweets were classified into various political categories. The
study calculated the proportion of tweets supporting a
specific political party (‘s’) in a user’s (‘n’) feed. This was
done by assessing how frequently tweets about ‘s’ appeared
in ‘n’s feed. They also developed a score for each user that
reflects the political diversity of their feed. This diversity
metric is based on the mix of political content in a user’s
feed. A score of 0 indicates a complete echo chamber,
where the feed is dominated by one political viewpoint,
suggesting a lack of diversity. Conversely, a score of 1
signifies that the feed has an equal representation of all
political parties, indicating a highly diverse and balanced
range of political content.
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2.2 Polarisation measures

Several methods have been proposed to detect and quantify
polarisation.

Akoglu’s (2014) research approaches the issue by
treating it as a task of classifying nodes within edge-signed
bipartite opinion networks. This method is tailored to
networks that fit the bipartite graph model, which may not
cover all scenarios.

Next work Guerra et al. (2013) we discuss, frames
the issue of measuring a social network’s polarisation
level as a boundary challenge, dividing a graph into two
communities, G1 and G2, each with its own boundary. It
differentiates between ‘boundary nodes’, which connect to
the opposite community, and ‘internal nodes’, which have
no direct connections outside their community. Polarisation
is assessed by comparing the number of edges boundary
nodes have within their community versus with the opposite
community. This approach suggests polarisation is higher
when boundary nodes connect more within their community
and lower when they connect more with the opposite
community, offering a polarisation scale from -0.5 to 0.5.
However, this method may not accurately reflect network
structure nuances, limiting its applicability.

Another study Morales et al. (2015) introduces the
‘centre of gravity’ concept to gauge network polarisation,
dividing nodes into ‘elites’, with fixed opinions, and
‘listeners’, whose opinions evolve to reflect the average
viewpoint of their neighbours over time. Polarisation is
measured by the distance between the average opinions
of these two groups, with A" representing the fraction
with positive opinions and A~ the fraction with negative
opinions. This approach quantitatively assesses how
opinions within a network diverge.

Hohmann et al. (2023) propose a nuanced approach to
measuring network polarisation, employing a generalised
Euclidean (GE) distance metric that accounts for network
structure, reflecting the effort needed to bridge differing
opinions within the network. This method not only
measures the ideological divergence among individuals but
also incorporates the network’s structural aspects, such as
community formations and their connectivity. By evaluating
the ‘resistance’ between nodes, it offers a comprehensive
view of polarisation, considering the interplay between
opinion diversity and network organisation, thereby
providing a more holistic understanding of polarisation
dynamics.

Next, the Friedkin and Johnsen model Matakos et al.
(2017) assesses polarisation by assigning a fixed internal
opinion and a variable expressed opinion to each user,
influenced by their own views and those of their network.
The model calculates expressed opinions based on the
likelihood of encountering similar viewpoints during a
network exploration, with polarisation determined by the
magnitude of expressed opinions. This approach provides
insights into the degree of echo chambers within networks,
using a mathematical formula to quantify polarisation
based on the aggregation of individual opinions and their
alignment within the social structure.

After this, Cinus et al. (2022) analyse how social
media recommendation algorithms, like ‘People You May
Know’, influence echo chambers and polarisation by
fostering similar connections. They assess three algorithms
against two opinion dynamics models to see how user
opinions evolve with interactions. The study measures
echo chamber effects and polarisation using metrics that
consider opinion correlation among connected users and
the likelihood of opinion diversity crossing through random
walks. However, it notes limitations in fully capturing
polarisation due to overlooking community size and node
degree. Another research Vicario et al. (2016) investigates
how users in echo chambers, with uniform opinions,
interact and express emotions over time, utilising growth
models to analyse community evolution. It tracks user
engagement through comments, categorising users by
interaction levels and sentiments, and identifies trends
in emotional expression linked to community activity.
Findings indicate both science and conspiracy communities
exhibit similar growth, with sentiment analysis revealing
a trend towards negativity as engagement increases,
highlighting differences in sentiment polarisation between
science-oriented and conspiracy-oriented users as their
activity levels change.

2.3 Controversy measures

The study Garimella et al. (2015) introduces a method
to measure network polarisation by evaluating edge
significance through edge betweenness centrality, which
reflects an edge’s role in connecting node pairs via the
shortest paths. It assesses polarisation by comparing
betweenness centrality of edges within and between
two ideologically opposed communities, using the
Kullback-Leibler divergence. The resulting betweenness
centrality controversy score, ranging from 0 to 1, indicates
the network’s polarisation degree, with higher scores
signifying greater polarisation

In summary, while various methods exist to quantify
polarisation, this research leverages these foundational
understandings to focus on devising a solution using GAs.
The goal is to effectively reduce polarisation, building upon
the insights gained from these established methods.

2.4 Recommendation systems

Recommendation systems, by tailoring content based
on user preferences, have revolutionised our online
interactions. However, (Zhang and Hurley, 2008) highlight
the inadvertent creation of ‘filter bubbles’ that can limit
our exposure to diverse content. Recognising this potential
pitfall, efforts have been made to diversify recommendation
algorithms for a richer online experience (Gao et al.,
2022). Yet, as another research points out (Castells
et al.,, 2011), striking a balance between personalisation
and diversity remains challenging. In the quest for
solutions, an innovative approach is the ‘serendipity-based’
recommendations by Murakami et al. (2009). This method
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focuses on showing users the content that is a bit different
from what they usually watch and like.

2.5 Genetic algorithms

Setting the stage for our exploration, recommendation
systems, by tailoring content based on user preferences,
have revolutionised our online interactions. However,
there’s a growing concern about their potential to
inadvertently create ‘filter bubbles’ and ‘echo chambers’.
Addressing this concern, researchers have looked into
various methods to diversify recommendations and reduce
polarisation. One such promising approach is the use
of GAs. Diving into the mechanics of GAs, inspired
by the process of natural selection, are optimisation
techniques that have found applications in diverse domains,
including social networks. The essence of GAs lies
in evolving a population of candidate solutions over
generations through processes like selection, crossover,
mutation, and reproduction (Holland, 1992). When applied
to social networks, the primary objective is often influence
maximisation: selecting a subset of influential nodes to
either maximise the spread of information or minimise
polarisation.

Building on this foundation, Bucur and Iacca (2016)
delved into the challenging problem of influence
maximisation using GAs. Their findings suggest that GAs,
with simple genetic operators, can identify influential
nodes comparable to known heuristics without making
assumptions about the network’s structure. Transitioning
from this foundational work, Bucur et al. (2018) further
explored surrogate-assisted multi-objective evolutionary
algorithms for the same problem. Their approach, which
utilised an approximate model of influence propagation,
underscored the importance of precision in model selection.

Exploring cloud-based solutions, Chen et al. (2020)
introduced a cloud computing-based solution for targeted
influence maximisation. Their tag-aware IC model, which
considers user characteristics and similarities, achieved
significant improvements in speed and storage efficiency.
Qin et al. (2022) took a different approach by integrating
community and topic features into an IC model, resulting
in enhanced stability and efficiency.

Shifting our focus to prioritised influence, Pham et al.
(2020) introduced the influence maximisation with priority
(IMP) problem, focusing on influencing potential users
with priority during influence diffusion campaigns. Their
algorithms, integrated greedy (IG) and integrated greedy
sampling (IGS), provided efficient solutions with theoretical
guarantees.

Building on the concept of influential nodes, Wang et al.
(2021) proposed a method based on discrete moth-flame
optimisation. Their approach, which considers the valuation
of neighbour nodes, was found effective in real-world
social networks. Sivaganesan’s (2021) algorithm, on the
other hand, leverages semantic metrics like user interests
to identify influential nodes. Talukder et al. (2019) tackled
the reverse influence maximisation problem, proposing

7

a Knapsack-based solution for optimised seeding costs.
Aghaee and Kianian’s (2020) GIN algorithm reduced the
search space for influential nodes, selecting seeds with
the highest expected diffusion value. The challenge of
scalability in identifying influential nodes becomes evident
as social networks expand. Bucur and Iacca’s (2016) work
stands out as they demonstrated the efficiency of GAs in
this context. Pal et al. (2014) introduced new centrality
measures, diffusion degree and maximum influence degree,
to pinpoint top influential individuals. Liu et al. (2017) and
Song et al. (2017) proposed incremental approaches using
GAs to track influential nodes in evolving networks.

In conclusion, GAs have shown significant potential in
addressing the challenges posed by influence maximisation
in social networks. As these networks continue to grow
and evolve, the role of GAs in identifying and leveraging
influential nodes becomes even more crucial. This research
aims to further explore this potential, focusing on the
application of GAs in influence maximisation and its
implications in various real-world scenarios.

2.6 Methods of polarisation reduction

Reducing polarisation is essential because it directly affects
how well our society works together and supports a healthy
democracy (Keefer and Knack, 2002). When people are
deeply divided, it is harder for us to find common ground
and make decisions that benefit everyone. This is not just
about politics; it is about making sure our community
remains strong and united. Our study looks into this issue
not just to learn more about it, but to find ways to bring
people closer together, ensuring our society stays connected
and democratic processes work as they should. Several
strategies have been proposed to mitigate polarisation:

1 Edge addition for exposure: Garimella et al. (2017)
suggests adding new edges in a network graph to
expose users to contrasting views. Building on this
idea of exposure.

2 Balanced information diffusion: An approach
Garimella et al. (2017) selects seed nodes to ensure
balanced information exposure after propagation. This
method of balanced exposure leads us to another
perspective on network structure.

3 Optimal graph structure: Musco et al. (2018) seeks a
graph structure that minimises polarity and potential
disagreement from connecting differing opinions.
While restructuring the network is one approach,
another method focuses on influencing the opinions
directly.

4 Opinion flipping: In Matakos and Gionis (2018), the
method involves flipping the opinions of nodes,
especially those with high influence, to break filter
bubbles. However, its real-world applicability is
debatable. Diving deeper into the realm of
recommendations.
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5 Diversity maximisation: The study Vendeville et al.
(2023) optimises content recommendations to
maximise newsfeed diversity. This approach to
diversification brings us to the concept of moderating
opinions.

6  Opinion moderation: Another approach (Matakos
et al., 2017) identifies key individuals whose
moderated opinions can significantly reduce network
polarisation. They propose two strategies: moderating
internal opinions through education and external
opinions via incentives.

2.7 Novel contributions

This study introduces a novel application of GAs to
reduce polarisation in social networks by dynamically
identifying and modifying key nodes and connections.
Unlike traditional methods such as edge addition or
opinion flipping, which often address only the symptoms
of polarisation, our GA-based approach adapts to changes
in network structure and user behaviour, making it robust
and scalable. The method uses a comprehensive fitness
function that integrates various centrality metrics, including
degree, closeness, eigenvector, PageRank, and Katz
centralities, along with opinion values, providing a nuanced
understanding of the network. This approach requires
minimal intervention, focusing on the most influential
nodes and edges, thereby preserving the network’s structural
integrity while respecting ethical considerations.

In conclusion, our GA-based method demonstrates
superior adaptability, scalability, and ethical soundness
compared to traditional methods. It has shown significant
reductions in polarisation in real-world datasets like
Polblogs and Polbooks, highlighting its potential for
diverse and dynamic social media platforms. This research
advances the field of social network analysis by offering
a more effective and ethical tool for promoting diversity
and inclusivity in online communities. Future work could
enhance this approach by integrating additional factors such
as sentiment analysis or user engagement metrics to further
understand and mitigate polarisation.

3 Proposed polarisation metric

Having delved into the extensive literature surrounding
the measurement of polarisation, the application of GAs,
and the various methods proposed to mitigate polarisation,
it becomes evident that the field is ripe for innovative
approaches that can effectively address the challenges of
polarisation in social networks. The intricate nature of
polarisation, coupled with the dynamic and vast landscape
of social networks, necessitates a method that is both robust
and adaptable.

Among the myriad of polarisation measures discussed,
the measure proposed by Mustafa et al. (2023) stands out
due to its comprehensive approach and its ability to capture
the nuances of polarisation in diverse network structures.

So in this research, we leverage their polarisation measure
B as a benchmark to test our proposed method. Our method
aims to not only reduce polarisation but also ensure that
the network remains resilient to future polarisation surges.
By aligning our approach with the insights gained from the
literature review, we aspire to contribute a solution that is
both novel and effective in the realm of social network
polarisation.

The decision to employ GAs in addressing the issue
of social media polarisation is grounded in several key
attributes that make GAs particularly suited for this
complex and dynamic problem. GAs are renowned for their
adaptability and robustness in navigating complex problem
spaces. The inherent flexibility of GAs, derived from their
evolutionary search mechanisms, allows for the exploration
of vast and intricate solution landscapes. This is particularly
relevant for social media polarisation, where the problem
space is characterised by a high degree of complexity
and dynamism. The ability of GAs to adaptively search
for optimal or near-optimal solutions without requiring a
precise mathematical formulation of the problem makes
them an ideal choice for tackling polarisation, where
the underlying dynamics and interactions within social
networks are often nonlinear and unpredictable.

A critical aspect of mitigating social media polarisation
involves identifying and influencing key nodes within
the network that contribute significantly to the spread of
polarised content. GAs excel in this domain by efficiently
pinpointing these influential nodes through evolutionary
strategies that mimic natural selection processes. By
evaluating a population of potential solutions over
successive generations, GAs effectively identify network
nodes whose modification (e.g., through the addition or
alteration of connections) can lead to a significant reduction
in polarisation. This process leverages various network
centrality measures, integrating them into the GA’s fitness
function to assess the potential impact of each solution on
reducing polarisation levels.

The dynamic and evolving nature of social networks
demands solutions that can adapt to changing conditions
and structures. GAs offer this flexibility, making them
highly suitable for real-world applications. Unlike static
or rule-based algorithms, GAs can evolve in response to
changes in the network’s topology, user behaviour, and
content flow. This adaptability ensures that the strategies
developed for polarisation reduction remain effective over
time, even as the network grows and evolves.

The application of GAs to social media networks
is particularly compelling due to the alignment of
GAs’ strengths with the characteristics of these
networks. Social media platforms are vast, dynamic, and
complex, with intricate patterns of user interactions and
information dissemination. GAs’ ability to handle large
datasets, coupled with their proficiency in optimising
multidimensional objectives, makes them uniquely capable
of devising effective strategies for enhancing content
diversity and fostering healthier, more inclusive online
dialogues.
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Our study also contributes to the field by bridging the
gap between computational intelligence and social science.
By applying a computational algorithm to a pressing social
issue, we demonstrate the potential of interdisciplinary
research to offer novel solutions to complex problems.
This cross-disciplinary approach not only enhances our
understanding of social media polarisation but also opens
up new avenues for applying advanced computational
techniques to social science research, offering a model for
future studies.

4 Mathematical method

GAs have been effectively utilised to solve a variety of
problems in different domains. Our aim in this research
is to mitigate the pervasive problem of polarisation that
characterises present-day social networks. Utilising GAs,
this section identifies nodes of high influence within
a given network. Following this identification, strategic
interventions are proposed to foster greater diversity and
equilibrium within the network. This approach commences
by establishing the social network as an undirected graph
G = (V, E), where V signifies the set of individual nodes
and E denotes the set of edges characterising relationships.
Each node ¢ within V is attributed with an opinion value o;,
denoting the individual’s stance on a given subject. Positive
opinion values symbolise affiliation with one group, while
negative values signify alignment with another.

4.1 Research subjects

The research subjects for this study are diverse datasets
representing social networks with inherent polarisation.
These datasets are chosen to evaluate the effectiveness of
the proposed GAs approach in reducing polarisation. The
datasets used are:

1 Polbooks dataset: This dataset represents a network of
books related to US politics, categorised into liberal,
conservative, and neutral. Each node in this network
represents a book, and edges between nodes represent
books frequently bought together. The categorisation
of these books helps simulate ideological polarisation
in a controlled environment.

2 Polblogs dataset: This dataset represents a network of
political blogs from the 2004 US election period,
categorised as either liberal or conservative. Nodes
represent individual blogs, and edges represent
hyperlinks between them. This dataset helps simulate
real-world ideological divides present in online
platforms.

These datasets are selected for their relevance and
representativeness of real-world social networks. By using
these well-documented and widely studied datasets, the
study ensures the applicability and generalisability of the
findings.

4.2 Data collection and preparation
The datasets were collected from publicly available sources:

e  Polbooks dataset: Sourced from Amazon.com, this
dataset includes 105 nodes (books) and 441 edges
(frequently bought together pairs). The books are
categorised into 43 liberal, 49 conservative, and 13
neutral, with neutral books being arbitrarily assigned
to either the liberal or conservative group.

e  Polblogs dataset: Sourced from networks.skewed.de,
this dataset includes 1,222 nodes (blogs) and 16,717
edges (hyperlinks). The blogs are categorised into 636
liberal and 586 conservative.

4.3 Graph initialisation and opinion assignment

We commence by establishing the social network as
an undirected graph G = (V, E), where V signifies the
set of individual nodes and E denotes the set of
edges characterising relationships. Each node ¢ within
V is attributed with an opinion value o;, denoting the
individual’s stance on a given subject. Positive opinion
values symbolise affiliation with one group, while negative
values signify alignment with another.

4.4 Node selection using GAs

To identify influential nodes that could mitigate
polarisation, we employ a GA for optimisation.The
parameters for the GAs were carefully selected based on
their proven efficacy in similar optimisation problems. The
population size was set to 100 to balance computational
efficiency with solution diversity. A higher population size
was avoided to reduce computational overhead, while a
lower size might limit the algorithm’s ability to explore
the solution space effectively. The number of generations
was set to 200, which is sufficient for convergence in our
preliminary experiments. Mutation rate was set at 0.01
to introduce necessary variations without disrupting the
convergence process significantly. These parameters were
optimised through a series of pilot tests, ensuring a robust
and efficient search process.

1 GA parameters: The GA is configured with essential
parameters, including the size of the population
(population_size), the number of generations
(num_generations), and the probability of mutation
(mutation_rate).

2 Initial population generation: The initial population of
candidate solutions is generated by sorting nodes
based on their degree centrality and selecting the top
nodes. These nodes possess a higher likelihood of
exerting influence within the network.

3 Fitness calculation: The fitness of each solution
within the population is computed. This involves
evaluating the summation of various centrality
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metrics, including degree centrality, closeness
centrality, eigenvector centrality, PageRank, and Katz
centrality, weighted by their corresponding opinion
values.

The fitness function incorporates multiple centrality
metrics, each chosen for its unique ability to capture
different aspects of node influence within the network.
Degree centrality measures the immediate
connectivity, closeness centrality reflects the average
shortest path to all other nodes, eigenvector centrality
accounts for the influence of connected nodes,
PageRank scores the probability of visiting a node,
and Katz centrality measures the influence considering
both direct and indirect connections. By combining
these metrics, the fitness function provides a
comprehensive evaluation of node influence, essential
for identifying key nodes that can effectively reduce
polarisation. The fitness function, which quantifies the
fitness of a solution (set of nodes) in the GA, can be
represented mathematically as follows:

Let S be a solution containing a subset of nodes from
the network, and let n be the number of nodes in S.
The fitness function F'(.S) can be defined as:

n

F(S)=> o)

i=1

: (Z(DC(Z‘) + CC(i) + EC(i) + PR(3) + KC(i)))
i=1

where

o(%) represents the opinion value of node .

DC(z) is the degree centrality of node i.
CC(i) is the closeness centrality of node i.
EC(7) 1is the eigenvector centrality of node .
PR(7)  is the PageRank score of node .
KC(z) is the Katz centrality of node <.

We are making the assumption that the terms:

>, ofi) and

Yo (DC(4) + CC(4) + EC(i) + PR(i) + KC(37))
won’t be zero. Lower fitness values indicate solutions
with greater potential for reducing polarisation.

Parent selection: A probabilistic approach is adopted
to select parents from the population. The probability
of selection is proportional to the fitness score of each
solution.

Parents are selected for crossover based on their
fitness scores. The selection probability of a solution
S is determined by its fitness value relative to the
total fitness of the population. Mathematically, the
selection probability Pyect(S) can be defined as:

F(S)

Piiect(S) =
seleet ZS’Epopulation F(S/)

where

e F(S) is the fitness value of solution S.
e F(9) is the fitness value of solution 5.

e The summation is performed over all solutions in
the population.

These equations provide a mathematical foundation
for understanding the mutation and parent selection
processes within the GA framework.

Crossover and mutation: Crossover is performed
between pairs of parents to generate offspring.
Subsequently, a mutation operation is applied to
offspring with a probability determined by the
mutation rate. Mutation involves adding a node to the
solution, enhancing the diversity of the population.

The mutation operation introduces diversity into the
population by randomly adding a node to a solution
with a certain probability. Mathematically, the
mutation can be represented as follows:

Let S be a solution (set of nodes), and S,,, be the
mutated solution obtained from .S. The mutation
operation is applied with a probability of pmytate. If
mutation occurs, a random node ¢ is added to the
solution:

g SU{i}, with probability puutate
L otherwise

where

®  Pmuate 1S the mutation probability.
e S is the original solution.

e S, is the mutated solution.

Replacement strategy: Offspring replace the least fit
solutions in the population. This process ensures that
the population evolves towards more optimal
solutions.

Influential node selection: Ultimately, the most
influential nodes are identified by selecting the
solution with the highest fitness score. These nodes
are anticipated to have a significant impact on
reducing polarisation.

Edge addition: After selecting the most influential
nodes of a given network, we proceed to the next step
of solving our problem. To decrease polarisation, we
select those influential nodes that belong to opposite
opinion groups and add edges between them. This
signifies the start of a dialogue between two polarised
groups.
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4.5 Opinion evolution process

The evolution of opinions is simulated to understand the
dynamics of opinion change within the network. Here, we
use the method of opinion evolution proposed by Mustafa
et al. (2023), which consists of the following steps:

1 Initialisation: Each node’s initial opinion value is
assigned based on a predetermined distribution. Nodes
commence with divergent viewpoints.

2 Opinion evolution: Over multiple discrete time steps,
nodes adjust their opinion values. This adjustment is
influenced by the opinions of their neighbouring
nodes. The updated opinion of a node 7 at time step ¢
is determined by a combination of its previous opinion
and the average opinions of its neighbours. The
parameter o governs the extent to which a node gives
weightage to its own opinion and 1 — « considers the
importance it gives to its neighbours’ opinion.

Given that each node ¢ has a fixed innate opinion s; and an
expressed opinion at time (¢), (z;(t)):

> jev Wiz (t)

zit+1)=as; + (1 —a) S
jev Wij

For opinion evolution, steps = 3 and « = 0.85.

4.6 Polarisation assessment

To quantify and evaluate the degree of polarisation within
the network, we use Polarisation Pointer (Mustafa et al.,
2023)

= %(d x max(s + (1 — p),0))

This pointer integrates opinion values and network
structure.

1 Polarisation metric: The metric characterises
polarisation under varying conditions by iteratively
introducing edges between nodes holding opposing
opinions. For a range of parameter values k, edges are
formed between positive and negative opinion nodes.
This encourages interaction among influential nodes.

2 Group opinion means and polarisation parameter:
The computed opinions are employed to ascertain the
group means, denoted as gc_plus and gc_minus, for
the positively and negatively opinionated nodes,
respectively. The difference between these group
means is halved to yield the polarisation parameter d.
This parameter serves as an indicator of polarisation
intensity.

3 Edge opinion sum and group interaction: The
interaction between groups is quantified by summing
the product of opinions for edges linking nodes across
different groups. This calculation is integral to the
determination of the polarisation metric.
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4 Polarisation calculation and visualisation: The
polarisation metric, incorporating the polarisation
parameter d, the sum of the product of opinions, and
an attenuation factor p, is computed. The relationship
between network structure, opinion dynamics, and
polarisation is unveiled through visualisation, with
polarisation values plotted against parameter values k.

5 Result and discussion

This part talks about what was found when a plan was
looked at to make disagreements in social media less
intense. The discoveries are explained in detail, especially
how certain important nodes in the network affect how
disagreements spread. The investigation was meticulously
structured, encompassing distinct phases of analysis and
experimentation. The initial phase of this study entailed
the selection of influential nodes, a pivotal task executed
through the careful application of the GA, the intricacies of
which have been thoroughly detailed earlier. The algorithm
successfully identified nodes that possessed a pronounced
potential for mitigating polarisation. These identified nodes
were subsequently harnessed as critical components in the
ensuing stages of the analysis.

Building upon the identification of influential nodes, a
strategy was formulated to produce meaningful inter-group
connections within the network. These inter-group
connections were established among the most influential
nodes that held divergent opinions, orchestrating a
deliberate interplay between contrasting stances. The
number of connections to make between different groups
of opinions, based on all the possible ways they could
be connected, was decided. This procedural configuration
was methodically tested across datasets, encompassing
both synthetic constructs and real-world instances, thus
assuring a comprehensive and rigorous assessment.
This meticulous evaluation was designed to establish
the method’s generalisability and effectiveness across a
spectrum of scenarios, reinforcing the credibility of the
findings made in this work. The discussion revolves around
the observations that were made and then details are
explained of bringing together pivotal points and connecting
opposite groups. Through this study, insights were gained
into the mechanisms by which disagreements become less
intense in complex social networks.

5.1 Polblogs dataset

Figure 4 shows the effect of adding boundary edges
to a social network on the polarisation of the network.
The x-axis of the graph represents the percentage of
boundary edges added, and the y-axis represents the value
of polarisation. The line graph shows that as the percentage
of boundary edges added increases, the value of polarisation
decreases.

In this case, the boundary edges represent connections
between nodes that are in different groups. When these
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connections are added, it makes it easier for the nodes in
the two groups to communicate with each other. This can
lead to a decrease in polarisation, as the two groups become
more aware of each other’s viewpoints. In this case, the
percentage decrease in polarisation is approximately 67%.

Figure 4 also shows that the rate of decrease in
polarisation slows down as the percentage of boundary
edges increases. This is because, as more and more
boundary edges are added, the network becomes more
connected, and it is more difficult for the two groups to
remain isolated from each other.

Figure 4 Effect of adding boundary edges between most
influential nodes in a polblogs social network
(see online version for colours)

Effect on polarization (polblogs data)
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Overall, the image provides evidence that adding boundary
edges to a social network can be an effective way to reduce
polarisation. However, it is important to note that the effect
is not linear, and the rate of decrease in polarisation slows
down as more boundary edges are added.

5.2 Polbooks dataset

The figure shows the effect of adding boundary edges
to a social network on the polarisation of the network.
The x-axis of the graph represents the percentage of
boundary edges added, and the y-axis represents the value
of polarisation. The line graph shows that as the percentage
of boundary edges added increases, the value of polarisation
decreases.

The percentage difference in polarisation reduction can
be calculated by finding the difference between the value
of polarisation before the boundary edges were added and
the value of polarisation after they were added and then
dividing that difference by the initial value of polarisation.
In this case, the percentage difference in polarisation
reduction is approximately 43%.

The image also shows that the rate of decrease in
polarisation slows down as the percentage of boundary
edges increases. This is because, as more and more
boundary edges are added, the network becomes more

connected and it becomes more difficult for the two groups
to remain isolated from each other.

Figure 5 Effect of adding boundary edges between most
influential nodes in a polbooks social network
(see online version for colours)

Effect on polarization (polbook data)
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Overall, the image provides evidence that adding boundary
edges to a social network can be an effective way to reduce
polarisation. However, it is important to note that the effect
is not linear, and the rate of decrease in polarisation slows
down as more boundary edges are added.

Table 2 Percentage reduction and step change for each dataset

% edges Polblogs Polbooks
added Reduction Step change  Reduction Step change
(%) (%) (%) (%)
0 0.00 - 0.00 -
1 19.41 19.41 6.92 6.92
2 31.34 11.93 12.79 5.87
3 39.26 7.92 19.49 6.70
4 45.18 5.92 22.49 3.00
5 49.23 4.05 26.50 4.01
6 52.39 3.16 30.36 3.86
7 55.88 3.49 34.02 3.66
8 59.86 3.98 37.18 3.16
9 63.05 3.19 40.16 2.98
10 66.45 3.40 43.26 3.10

Results presented in Table 2 validate the efficacy of the
proposed method, as evidenced by a consistent trend of
reduced polarisation across both datasets under study. To
quantify the impact of the interventions, a comparative
analysis was conducted on the state of the network
before and after the implementation of the proposed
changes. This comparison revealed that the method not only
reduces polarisation but does so with minimal alterations
to the existing network structure. This finding suggests
that achieving a more diverse and less polarised network
does not necessitate sweeping or disruptive changes.
Instead, targeted, minimal interventions can effectively shift
the network towards a more balanced state. Moreover,



Harmony amidst division

the speed at which the method moves the network
towards this balanced state is noteworthy. This rapid
transition is particularly beneficial in scenarios where
timely decision-making is crucial, such as during political
campaigns or public health crises.

It is clear that Polblogs dataset exhibited a remarkable
67% reduction in polarisation, while the Polbooks dataset
displayed a 43% reduction by adding just a small fraction of
boundary edges. These results are not only significant, but
also illustrate how the percentage reduction in polarisation
becomes greater when the size of dataset increases. It
is important to highlight the challenges associated with
obtaining large, diverse datasets that accurately reflect the
complexity of real-world social media networks. Despite
these constraints, the substantial decreases in polarisation
observed in our study offer compelling evidence of the
impact of our approach.

Our findings confirm that the application of GAs offers
a promising approach to mitigating polarisation in social
networks. By identifying and influencing key nodes within
the network, our method effectively reduces polarisation
while maintaining the network’s structural integrity. The
results from our experiments on real-world datasets, such as
Polblogs and Polbooks, demonstrated significant reductions
in polarisation 67% and 43%, respectively — achieved by
adding a minimal number of boundary edges. This indicates
that our GA-based approach can foster greater diversity and
balance without requiring extensive modifications to the
network structure.

The success of our approach lies in its adaptability and
efficiency. GAs, with their evolutionary mechanisms, can
dynamically adjust to changing network conditions, making
them particularly suitable for the fluid and complex nature
of social media platforms. This adaptability ensures that the
strategies developed remain effective over time, even as the
network evolves.

Moreover, our study bridges the gap between
computational intelligence and social science, highlighting
the potential of interdisciplinary research to address
pressing social issues. By applying a computational
algorithm to the problem of social media polarisation,
we provide a novel solution that is both innovative and
practical.

In summary, this research successfully meets its goal of
developing an effective method for reducing polarisation in
social networks. The GA-based approach not only addresses
the symptoms of polarisation but also targets its root
causes, ensuring a long-term solution. As the landscape of
social networks continues to evolve, our findings offer a
foundation for future research and interventions aimed at
fostering a more inclusive and cohesive digital society.

6 Results and discussion

The primary objective of this study was to develop
an efficient, minimally invasive method for reducing
polarisation in social networks by leveraging GAs. Through
our research, we sought to address the complex issue of
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social media polarisation, aiming not only to understand its
intricacies but also to propose a viable solution that targets
the root causes of polarisation.

This section delves into the findings of our research,
highlighting the methodological design and steps taken
to achieve these results. By systematically applying our
proposed GA-based approach to real-world datasets, we aim
to demonstrate the effectiveness of our method in reducing
polarisation in social networks.

6.1 Methodological design and steps

6.1.1 Graph initialisation and opinion assignment

The social network is represented as an undirected graph
G = (V, E), where V denotes the set of nodes (individuals)
and F denotes the set of edges (relationships). Each node
i is assigned an opinion value o;, where positive values
indicate affiliation with one group and negative values with
another.

6.1.2 Node selection using GAs

1 GA parameters: Key parameters include population
size, number of generations, and mutation rate.

2 Initial population generation: The initial population is
generated by selecting top nodes based on their
degree centrality.

3 Fitness calculation: Fitness is evaluated using a
weighted sum of centrality metrics (degree, closeness,
eigenvector, PageRank, and Katz centrality) and
opinion values.

4 Parent selection and crossover: Parents are selected
based on fitness, and crossover is performed to
generate offspring.

5 Mutation and replacement: Offspring undergo
mutation, and the least fit solutions are replaced to
evolve the population.

6  Influential node selection: The nodes with the highest
fitness scores are selected for intervention.

6.1.3 Edge addition to reduce polarisation
Edges are added between influential nodes with opposing
opinions to foster communication between polarised groups.

6.1.4 Opinion evolution process

Opinions evolve over multiple time steps, influenced by
neighbouring nodes’ opinions. This process is governed by
the parameter a.

6.1.5 Polarisation assessment

Polarisation is quantified using the Polarisation Pointer f3,
which integrates opinion values and network structure.
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6.2 Detailed analysis of results

6.2.1 Polblogs dataset

Figure 4 illustrates the effect of adding boundary edges on
polarisation. As the percentage of boundary edges increases,
polarisation decreases significantly. Specifically, a 67%
reduction in polarisation is observed when a small fraction
of boundary edges is added. The reduction is maximum
when just top 4% of boundary edges are added showing
targeted decrease in polarisation. Following observations
are made based on Table 2 regarding Polblogs dataset:

e [Initial polarisation is high due to strong ideological
divides.

e Adding boundary edges facilitates inter-group
communication, reducing polarisation.

e  The greatest reduction occurs with the initial addition
of edges, demonstrating the high impact of targeted
interventions.

6.2.2 Polbooks dataset

Figure 5 shows the effect of boundary edges on the
Polbooks dataset. A 43% reduction in polarisation is
achieved, indicating the effectiveness of our method.
Similar to the Polblogs dataset, the reduction rate is
maximum when only the top few percent of boundary
edges are added. Following observations are made based on
Table 2 regarding Polbooks dataset:

e Initial polarisation reflects a divided network of
politically themed books.

e The introduction of boundary edges enhances network
connectivity, reducing polarisation.

e Results demonstrate that strategic edge addition is a
scalable solution across different network sizes.

6.3 Comparison with other studies

While it is common practice to compare results with
other state-of-the-art methods, it is important to note
that each research work measures polarisation in its
unique way, considering different factors and parameters.
Consequently, direct comparisons may not accurately reflect
the effectiveness of different approaches. Some methods,
for example, count the number of 