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Abstract
Our beliefs and opinions shape our actions, which in turn impact political results,
economic development, and even public health in the case of a pandemic. As such,
understanding how beliefs evolve in collectives is crucial, and it is the primary objective
of the field of Opinion Dynamics. Amongst other things, an understanding of these
processes can help inform decisions in political spheres or in the design of social media
platforms with the aim to mitigate the emergence of undesired opinion distributions
and misinformation. Confirmation bias is the tendency to seek out and assimilate
information in a way that is partial to prior beliefs and is known to have a great impact
both in individual and collective opinion formation. In opinion dynamics, many different
modelling assumptions have been made to account for confirmation bias. We classify
three of these assumptions into the specific behaviours they model (biased seeking,
biased evaluation, biased assimilation, and belief perseverance) and propose a new
model which incorporates the classified assumptions in order to account for different
confirmationally biased behaviours. We first consider the behavioural implications of the
model in simple settings, finding that it can exhibit clustering of opinions and consensus
characteristic of bounded confidence models, but also diversity within clusters (strong
diversity) and noisy consensus often observed in the real world but rarely captured in
the literature. After investigating the interplay between social network structure and
biased seeking, we study the effects of the different biased behaviours on the emergence
of polarised communities, concluding that biased evaluation is at the core of this
phenomenon. Furthermore, the introduction of biased seeking and biased assimilation
generates polarized communities that maintain some level of disagreement within
themselves, a phenomenon observed in the real world but absent in other polarizing
models. Finally, we validate the model through its ability to generate all qualitative
categories of opinion distributions in networks from four social media platforms.
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Chapter 1

Introduction

1.1 Motivation

The study of Opinion Dynamics consists in investigating how opinions evolve in a
collective. It has been a topic of interest for researchers from numerous fields such
as sociology, psychology, political science, computer science, or even physics. In
recent years, this field has gained significant importance due to the rise of social media
platforms which give people the ability to express their opinions to a large audience,
facilitating the rapid dissemination of information and spread of opinions. Although
not negative in itself, this phenomenon has been shown to facilitate the spread of misin-
formation [9] which can lead to the widespread adoption of harmful ideas and beliefs.
Other recent trends such as the rise of extremisms, and the increase in polarisation [51]
reinforce the need to understand the underlying phenomena driving opinion changes. In
particular, it is useful to understand what behavioral patterns contribute the most to the
emergence polarisation, and extremisms. Amongst other things, a good understanding
of the conditions leading to such outcomes can inform design decisions in social media
platforms in order to reduce these undesired phenomena.

Confirmation biases are often considered to be the main culprit for our inability to reach
a consensus, our susceptibility to misinformation, and the emergence of polarisation in
the political sphere. Confirmation biases are a range of behaviours which represent the
tendency to seek out and assimilate information in a way that is partial to prior beliefs.
Amongst these behaviours, we can find biased seeking: the tendency to seek information
that confirms ones beliefs, biased evaluation: being more critical of information that
contradicts ones beliefs, biased assimilation: being more influenced by confirmatory
than conflicting evidence, or belief perseverance: reluctance to change beliefs in the
face of dis-confirmatory evidence.

Given the undeniable role confirmation biases play in opinion dynamics, we are in-
terested in how the different confirmation biases impact collective opinion formation.
We can categorize opinion distributions that we observe in the real world into four
categories: consensus, dissensus, clustering, and polarisation. Given these possible
outcomes, we are interested in knowing: How does the presence of the mentioned biased
behaviours impact the outcome of collective opinion formation? How does the structure

1



Chapter 1. Introduction 2

of social interactions affect disagreement in the presence of these biased behaviours?
Which biased behaviours contribute the most to the emergence of polarisation? Are
these biased behaviours sufficient to explain the range of opinion distributions observed
in the real world?

1.2 Project Objectives

The main objectives of this project are:

1. Developing a model of opinion dynamics which explicitly accounts for biased
seeking, biased evaluation, biased assimilation, and belief perseverance

2. Determining the effects of the introduced biases on the collective evolution of
opinions, and studying the patterns that emerge from the presence of several
biased behaviours.

3. Investigating the effect of social structure on the emerging dynamics in the
presence of confirmation biases.

4. Determining the role of each biased behaviour in the emergence of polarisation.

5. Validating the ability of the model to reproduce opinion distributions observed in
real life, through social structures taken from four different social media datasets.

Instead of proposing an ad-hoc model, we build on previous literature by taking exist-
ing assumptions for modeling confirmation bias [68, 57, 22, 28], categorizing them,
combining them, and extending them to more complex settings. We study the emergent
behaviours by means of computer simulation, which entails the complete implementa-
tion of the proposed model, and of the different experiments we wish to run.

1.3 Outline of Thesis

In Chapter 2, we will provide a short overview of the field of opinion dynamics,
distinguishing between three main types of models: Non-Bayesian, Bayesian and
Bayesian-inspired, and presenting common approaches for modelling the structure of
social connections. In Section 2.2, we look at previous attempts at modeling confirma-
tion bias in opinion dynamics, and we present the three modelling assumptions which
we will draw upon to model the different components of confirmation bias. In Chapter
3, we introduce the proposed model, along with simplifying assumptions necessary to
make the model computationally tractable in more complex settings. We also introduce
the metrics for Diversity and Disagreement we will use to describe the opinion space
throughout the thesis. Similar versions of these metrics have been used in the literature
to capture properties of the opinion space [69, 22]. In Chapter 4, we study the results of
running simulations with the proposed model in different experimental settings, in order
to better understand the effects the biased behaviours in collective opinion formation.
Finally, in Chapter 5, we discuss how this work relates to current research, consider the
limitations of the model, and make suggestions for further study.



Chapter 2

Background

2.1 Opinion Dynamics

2.1.1 General Overview and Non-Bayesian models

The field of opinion dynamics focuses on modeling how opinions evolve in a collec-
tive over time. Typically studying what conditions lead to one of four stable states:
consensus, dissensus, clustering of opinions, and polarisation. Agent Based Models
(ABM) naturally lend themselves to model this kind of phenomena, allowing modelers
to define opinion update rules at the agent level and study the dynamics that emerge
from the interactions of such agents. Although efforts have been made to model opinion
dynamics in continuous time [16, 20], the complexity of these models, and the discrete
nature of the available data, has lead to a majority of discrete time-models. Such models
are often defined by specifying the opinion xi of an agent i at time t +1 as a function
of its opinion and neighbouring agents opinions at time t. For instance, a simple but
greatly influential model (the DeGroot model)[27] defines opinion updating as

xi(t +1) = wi1x1(t)+wi2x2(t)+ ...+winxn(t) (2.1)

where wi j is the weight agent i assigns to agent j’s opinion. This model fits into one of
the two main categories of models: continuous opinion models, where the opinion of
agent i is given by a real number (usually within an interval). Many of the models in this
category are extensions of the DeGroot model. Some notable examples are the Friedkin
and Johsen model [35], the Altafini model [10, 11] the Hegselmann-Krause model
[53, 65] or the Deffuant-Weisbuch model [26, 80] amongst many others. The second
category of models is discrete opinion models, where agents take discrete (usually
binary) opinions. Amongst these are the voter model [23, 43], the Sznajd model [71]
and the majority rule model [36]. Although we have mentioned several seminal models,
countless other models have been proposed and studied. In an attempt to track the
progress in the field, surveys and reviews classify and summarise the findings from
Opinion Dynamics models [63, 6, 38, 30, 12, 19]. The model proposed in this thesis is
a model in discrete time with continuous opinions. Nevertheless, instead of representing
opinions through a single number, we use probabilistic (Bayesian-inspired) opinions
which we will explore in the next section.

3



Chapter 2. Background 4

2.1.2 Bayesian and Bayesian-Inspired Models

The models mentioned in the previous section are Non-Strategic or Non-Bayesian.
That is, they don’t describe the optimal way in which an agent should update its belief
(opinion) in order to learn some underlying truth. Rather, they simply attempt to
describe how humans interact by specifying simple mathematical rules that relate to
how people behave, or that generate desirable properties through the process of opinion
formation [6]. We now look at Bayesian and Bayesian-inspired models as they will be
the focus of this work.

2.1.2.1 Bayes’ rule

At the center of Bayesian models is Bayes’ rule, a standard result from probability theory
which describes the computation of conditional probabilities. Given two random events
h and s, Bayes’ rule describes the relationship between the independent probabilities of
h and s (P(h),P(s)), the probability of h given s (P(h|s)), and the probability of s given
h (P(h|s)) through the equation:

P(h|s) = P(h|s)P(h)
P(s)

(2.2)

where P(s) ̸= 0. This result can also be extended to continuous random variables: given
two continuous random variables θ and S, with probability density functions (pdf) fθ

and fS, Bayes’ rule states the following:

fθ|S=s(x) =
fS|θ=x(s) fθ(x)

fS(s)
(2.3)

∝ fS|θ=x(s) fθ(x) (2.4)

where fθ|S=s(x) and fS|θ=x(s) are conditional densities, and since the marginal density
fS(s) is not dependent on x (its essentially a normalizing constant), fθ|S=s(x) can be
derived by normalizing fS|θ=x(s) fθ(x) (Eq. 2.4).

2.1.2.2 Bayesian Models of Cognition

Bayesian models of cognition can provide a formal account of how rational agents
should reason in situations of uncertainty. These models have become increasingly
popular in many areas of cognitive science as they are able to represent several elements
of human cognition [46]. By attributing meaning to the variables involved in Bayes
rule, they provide a way to calculate how agents should update their beliefs in light of
new evidence. Take the prior probability P(h) to be the degree of belief of an agent in a
hypothesis h and the posterior probability P(h|s) is the degree of belief in h conditioned
on the observation of s. Using Bayes rule (2.2) and marginalization, one can compute
the posterior from the prior using the equation

P(h|s) = P(s|h)P(h)
∑h′∈H P(s|h′)P(h′)

(2.5)
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where H is the hypothesis space (set of hypothesis considered by the agent) and P(s|h)
is the likelihood (probability of the data given the hypothesis)[54]. This process of
updating the probability of a hypothesis based on new data is called Bayesian inference.

As we will be dealing with continuous opinions, we also present an example of Bayesian
inference with a continuous hypothesis space. Suppose an agent is trying to estimate
some continuous parameter θ based on an observation s. In order to capture the agents
uncertainty, θ is taken to be a random variable. Thus, the agent now has a prior belief
which is the pdf fθ of θ. For the agents belief about θ to be updated as a result of
the observation s, s must be related to θ in some way. To keep things simple, we will
consider s to be an observation of a normally distributed random variable S ∼ N(θ,σ2

S).
This captures the idea that s is a noisy observation of the value of θ, where σS represents
the noisiness or reliability of the observation. We can compute the posterior belief
conditioned on the observation of s through Eq. 2.4, where the likelihood fS|θ=x(s) is
the pdf of S for fixed s and taken as a function of θ. We will simplify the notation of
the likelihood fS|θ=x(s) to L(θ|s), the posterior fθ|S=s(x) to f (θ|s), and the marginal
density fθ(x) to f (θ). With these simplifications, we can capture the updating of beliefs
about continuous variables through the equation:

f (θ|s) ∝ L(θ|s) f (θ) (2.6)

Although the examples presented here are simple, the Bayesian framework can be
expanded to more complex scenarios. Building on top of this framework, has allowed
to establish theories of human inductive learning [73], visual scene perception [83],
language processing and acquisition [21], and causal learning [70] amongst other topics.

2.1.2.3 Bayesian frameworks in opinion dynamics

With the growing popularity and success of Bayesian models in cognitive science,
researchers have sought to apply them to opinion dynamics to build more realistic
models of opinion updating at the agent level. Two categories of models that draw from
the Bayesian framework can be distinguished.

The first category consists of models derived purely from Bayesian principles, which
require a more mathematical analysis [33, 4, 6, 5]. In these models, agents observe
some noisy signal about the world as in the previous section, but also interact with other
agents to introduce the social component of opinion formation. However, as strictly
Bayesian agents must model and update their beliefs not only about the variable of
interest but also about the processes influencing other agents, these models can become
complicated quickly. As a result, the study of such models is limited to very simple
contexts such as sequential interactions.

Given the limitations of strict Bayesian models, and the inability to extend them to
more complex and realistic settings, some modelers make simplifying assumptions or
intentional changes to the framework. These decisions are motivated by the desire to
make the models computationally tractable, the recognition that humans may not be able
to meet the demands of Bayesian inference, and the observation that individuals behave
irrationally in many situations. This leads us to the second category of models which
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we will denote as Bayesian-inspired models [57, 17, 68, 7]. These models retain many
of the features of Bayesian models, including probabilistic opinions and an updating
rule that depends on some truth-related likelihood function. However, they may modify
or simplify the updating process in some way. The original model we propose can be
included in this second category.

2.1.3 The topology of social interactions

Understanding the formation of opinions through interactions between agents involves
not only modeling the interactions themselves but also considering the structure of the
interactions. We finish this short overview of the field of opinion dynamics by looking
at common approaches for modeling the structure of social interactions.

In a society, individuals don’t interact or observe the actions of every other individ-
ual. Rather, they are only directly in contact with a subset of all individuals. This
phenomenon can be captured through an interaction network which describes who is
interacting with whom. Agents sit on vertices (nodes) of the network, and the edges
define possible interactions between agents (i.e. neighbouring agents) [19].

To capture the complex topology of real life social interactions, modelers embed agents
in artificial complex networks. These networks try to capture mathematical proper-
ties of real life networks such as average distance between randomly chosen vertices,
degree distribution (where the degree of a vertex is its number of connections) or
density of edges. Some of the most widely used are i) Erdos–Rényi random graphs
[32]: constructed by creating an edge between each pair of vertices with probability
p and characterised by a Binomial degree distribution, ii) Small-World networks [79]:
characterised by the average distance between vertices growing logarithmically with
the size of the network, and iii) Scale-Free networks [15]: constructed through pref-
erential attachment of vertices and characterised by a power-law degree distribution.
Nevertheless, these artificial networks differ in many aspects from real social networks.
The field of Social network analysis (SNA) can help bridge this gap by investigating
social structures through the use of networks and graph theory. Some of the findings
in SNA have inspired new attempts at artificially capturing the features of real social
networks [74, 47].

A different approach for obtaining more realistic networks to study models in, is to
capture the structure of real life networks in datasets of vertices and edges. These
datasets can then be used to study the model of interest in the same way as artificial
networks. Although various types of real networks can be examined, social media
networks of friendships and connections are a reliable source of data and capture many
aspects of social interactions. The data for several of the networks used in the literature
[14] is publicly available online [2].

2.2 Confirmation Bias in Opinion Dynamics

When looking at the evolution of beliefs in collectives, it is essential to understand how
belief formation works at the individual level and what cognitive phenomena might
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influence this process. Cognitive biases are systematic errors in thinking that occur
when people are processing and interpreting information. Several of these biases have
an effect on opinion formation, but perhaps the most notable is confirmation bias.

2.2.1 Confirmation Bias

Confirmation bias is the search for and assimilation of information in a way that is
partial to prior beliefs [61]. On top of being very well known and widely accepted,
the behavioural implications of this bias make it specially relevant to the field of
opinion dynamics. Confirmation bias is an umbrella term which encompasses different
behaviours. For the scope of this dissertation, we will consider the following: i) biased
evaluation: being more critical of information which contradicts ones beliefs [52, 72],
ii) biased assimilation: being less influenced by opposing than confirmatory information
[55], iii) biased seeking: seeking information that confirms ones beliefs [66], iv) belief
perseverance: the tendency to preserve ones beliefs in the face of dis-confirmatory
information [13]. These four confirmation biases are amongst the most important and
empirically validated. However, it is worth pointing out that many more confirmation
biases have been identified [50].

It is also worth noting that it is hard to establish a clear division between these be-
haviours, as there is some overlap. For instance, biased assimilation and belief perse-
verance are strongly linked, since being less influenced by opposing information will
lead to preserving ones beliefs. As a result, we will use the same modelling assumption
for both and will refer to these behaviours simply as biased assimilation (see 2.2.3).

2.2.2 Explicit and Implicit modelling of the bias

Numerous models, both Non-Bayesian and Bayesian-inspired, introduce some form
of confirmation bias in the opinion updating process. Some explicitly account for
confirmation bias [28, 68, 34, 22, 62, 25, 56, 8], while others can be argued to implicitly
model the biased behaviour through concepts like bounded-confidence and stubbornness
of agents [82, 58, 65].

Although simplistic Non-Bayesian models of confirmation bias exist [28, 22], it is
useful to model biases with explicit modifications to Bayesian inference. The reason
for this is that Bayesian reasoning can be considered a good baseline for rationality and
allows biases to be modeled as deviations from this baseline. This Bayesian-inspired
approach for modelling biases has been used in opinion dynamics [68, 62, 8], and is
very common in many different contexts [37, 64].

Nevertheless, modelers in opinion dynamics rarely specify which behaviour of confir-
mation bias they are taking into account. Instead, they are often content with using the
umbrella term confirmation bias to justify their modelling assumptions. In this project,
we try to categorise some of the assumptions made in the literature, with regards to
confirmation bias, into the corresponding behaviours. We will then draw from these
assumptions to build a new Bayesian-inspired model with continuous opinions that
accounts for the four biased behaviours presented in the previous section. The next
three sections each present a type of assumption made to model confirmation bias and
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the corresponding behaviours associated with the assumption. For each assumption, we
summarise the results that have been previously obtained.

2.2.3 Biased Assimilation and Belief Perseverance

Sobkowicz proposes a model of opinion updating which introduces a filter function
FL applied to the Bayesian update as a generalized framework to account for irrational
inference and cognitive biases [68]. In this model, upon observing s, an agent i with
prior opinion fi updates his belief to the posterior by following the equation:

fi(θ|s) ∝ fi(θ)L(θ|s)FLi(θ) (2.7)

where L(θ|s) is the likelihood associated with some truth related observation s and FLi
is the filter function of the given agent. Sobkowicz goes on to define two filter functions
to account for confirmation bias and motivated reasoning. The confirmation bias filter
which we will focus on is simply taken to be the agents prior. In order to calibrate the
strength of the bias Sobkowicz introduces a filtering efficiency parameter 0 ≤ λ ≤ 1
leading to the following filter function:

FLi(θ) = λ fi(θ)+(1−λ)U(θ) (2.8)

where U is a uniform distribution. Sobkowicz investigates the effects of the confirmation
bias filter in a very simple scenario without agent interactions. Instead, agents are
repeatedly exposed to the same observation s, and they all take the observation to be
equally noisy. The observed phenomenon in this study is that with low values for the
filtering efficiency parameter λ, agents mean beliefs will converge to values close to
s. On the other hand, for higher values of λ, agents beliefs are less affected by the
repeated observation of s and stabilize at a greater distance from the information being
presented to them (see Fig. 3.2). Given this emergent property and the dynamics of
singular updates (see Fig. 3.1), we take the filtering to account for assimilation bias and
belief perseverance. For simplicity, we will refer to the effects of this assumption as
assimilation bias.

2.2.4 Biased Evaluation

A model proposed by Martins and later extended by Adams introduces the notion of
trust within Bayesian updating with continuous opinions [57, 7]. The opinion fi(θ) of
an agent i is taken to be normally distributed. That is, fi(θ) = N(µi,σ

2
i ) where µi can be

taken to be i’s belief about θ, and σi can be understood as i’s uncertainty surrounding the
belief. Here, the observation s is the mean belief µ j of another agent drawn randomly
from the population. Based on the observation, agents update their beliefs through a
modified version of Bayesian inference. The main deviation from Bayesian updating
stems from the likelihood, which is taken to be a mixture of a normal distribution with
mean µ j and a uniform distribution U . Thus the posterior is given by
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fi(θ|s) ∝ fi(θ)L(θ|s) (2.9)

where

L(θ|s) = pN(µ j,σ
2
S)+(1− p)U(θ) (2.10)

and p is taken to be the level of trust. The choice of σS varies across the work of
Martins and Adams, mainly taken to be either σi or σ j (more on this in Section 3.1.2).
The effect of this choice of likelihood, is that as the distance between beliefs |µi −µ j|
increases, the observation µ j becomes less informative. This is a product of the fact
that a uniform likelihood is uninformative (i.e doesn’t add any information about the
parameter of interest).

As previously mentioned, Martins [57] introduces this modelling assumption thought
the notion of trust. That is, agents are more likely to trust agents with opinions similar
to theirs than agents with conflicting opinions. Generalising this to any source of
information, it is easy to see how this modelling assumption is in line with the biased
evaluation behaviour: agents are more critical of information contradicting their beliefs
i.e. they consider the information to be less informative about the underlying variable.

Both Martins and Adams consider the setting of sequential interactions between agents.
That is, at each time step, two agents are randomly chosen from the set of all agents,
they share their opinions, and update their beliefs accordingly. In this context, a range
of different assumptions is made by the two papers: taking σS = σi, taking σS = σ j,
taking agents uncertainty to remain constant, or updating the uncertainty with each
belief update. The different settings lead to different outcomes, but the most notable
result is that the introduction of p leads to the fragmentation of opinions into clusters,
where the number of clusters depends on the strength of agents priors (how small their
initial uncertainty is). Although polarisation is mentioned as one of the outcomes in
Adams, this label is used to refer to the fragmentation of opinions into two clusters.
For consistency with other literature on polarising models, we won’t consider such an
outcome to be polarising, but simply a case of clustering (See Sec. 3.3.2).

2.2.5 Biased Seeking

Finally, when modelling confirmation bias in large social networks, a common approach
is to alter the listening structure or the network of interactions in a way that is partial to
the agents belief. It is easy to see how this modelling assumption represents the search
for information that confirms ones preexisting beliefs, and thus, biased seeking.

This modelling assumption is usually accompanied by Non-Bayesian simplistic update
rules [22, 28, 67, 44] and is often referred to as preferential rewiring. That is, the
connections (edges) between agents are rewired in a way that gives rise to homophily,
were agents are more likely to be connected to agents with similar opinions. While some
models such as the Rewire Bounded Confidence Model [28] consider the rewiring as
preliminary or independent to the process of opinion formation, the more realistic setting
is that of adaptive or co-evolving networks, where the topology of social interactions
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and opinions both change through time. Such a setting gives rise to a sort of feedback
loop where opinions influence the topology of the network, which in turn influences
the change in opinions [76]. The usual process of rewiring goes as follows: when two
agents i and j with respective opinions xi and x j interact, if the distance between the
opinions (|xi − x j|) is greater than a given bound ε, there is a probability ρ that agents
will break this connection and create a new connection with another (usually random)
agent. As we will be dealing with probabilistic opinions, the distance between opinions
can be taken to be the distance between opinion means |µi −µ j|.

Given the range of different models that have been studied in co-evolving networks, it is
hard to summarise the findings emerging from this modelling assumption. Nevertheless,
preferential attachment is often linked to making consensus between agents more
difficult to achieve [48]. When rewiring is introduced in the context of modelling
confirmation bias, it has been shown that the social network will tend towards segregated,
homogeneous communities [22, 67].

2.3 Proposed work

Our contributions to previous work can be summarised as follows:

1. Developing a new model which incorporates biased assimilation through Sobkow-
icz’s filtering function, biased evaluation through the modified likelihood pro-
posed by Martins, and biased seeking through rewiring social connections.

2. Studying the effects of biased evaluation and biased assimilation in the simple
settings of single observations and fully connected networks.

3. Studying the effects of biased seeking, how they relate to the properties of the
network structure and to the presence of the other biased behaviours.

4. Determining the role of each biased behaviour in the emergence of polarisation.

5. Validating the ability of the model to reproduce opinion distributions observed in
real life, through social structures taken from four different social media datasets.

The models proposed by Sobkowicz [68] and Martins [57] have been studied for single
observations and sequential interactions respectively. Thus, the aforementioned results
emerging from these models are obtained in very simple and unrealistic settings. The
new model we propose can shed light on the implications of both modelling assumptions
in more complex settings, and the behaviours emerging from their interactions. On the
other hand, the modeling assumption for biased seeking can only be considered in com-
plex social networks often leading to segregated communities, with low disagreement
within communities. In this case, we are interested in knowing how other biases and
network structure might influence the emergence of the low disagreement observed in
the literature. When considering the effects of each bias on polarisation, we will take a
polarising outcome to entail both the fragmentation of opinions into two main clusters,
and an overall increase in opinion diversity (See Sec. 3.3.2). Finally, we use network
structure data from Twitter, Flickr, Advogato and Facebook to asses the qualitative
validity of the model.
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Methods

3.1 Model

We start by presenting the model we will use, accounting for biased assimilation and
biased evaluation through modifications to Bayesian inference, and introducing biased
seeking through the rewiring of the social network. We first introduce the general
framework for opinion updating, and then we introduce our assumptions about the
reliability of observations σS.

3.1.1 General Framework

We start with a set of agents N = {1,2, ...,n}, which are trying to estimate a parameter
θ taking values in the range [−1,1]. For instance, θ could be taken to be the level
of honesty of a politician where −1 would indicate complete dishonesty, 1 indicates
complete honesty and the rest of the values represent some point in between. Each
agent i has a set of neighboring agents Ni determined by the graph of social interactions
G(V,E) with set of vertices (nodes) V , and set of edges E. Each node is an agent
and each edge is a social connection with another agent. We take G(V,E) to be a
directed graph, accounting for the fact that social connections aren’t always reciprocal
(especially in social media).

At time t = 0, agents hold normally distributed prior beliefs about θ. As such, agent
i’s prior belief about θ is given by the pdf fi(θ) = N(µi(0),σi(0)). At time each time
step t, agent i observes the mean belief µ j(t) of an agent j randomly selected from
its neighbours ( j ∈ Ni). The observed opinion is interpreted by agents to be a noisy
measurement of the true value of the parameter θ. Thus, we will assume that agents take
the opinions they observe to be sampled from a normal distribution with mean given by
the true value of θ, and standard deviation σS given by the noisiness or reliability of the
observation. Based on the observed opinion, agent i updates his belief to the posterior
given by:

fi(θ|µ j(t)) ∝ fi(θ)L(θ|µ j(t))FLi(θ) (3.1)

11
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where FLi(θ) introduces the biased assimilation and is defined as:

FLi(θ) = λ fi(θ)+(1−λ)U(θ) (3.2)

and the modified likelihood introduces biased evaluation and is defined as:

L(θ|µ j(t)) ∝ (1−δ)N(µ j,σ
2
S)+δU(θ) (3.3)

After each iteration, the posterior becomes the new prior, and this process is repeated.

To account for the biased seeking, at each time step, if the distance between the observed
mean opinion µ j and the agents mean opinion µi is bigger than a given threshold ε,
there is a probability ρ that the connection from i to j will be rewired. Given that we
are working with probabilistic opinions, we will take ε = 6×σi(0). Note that initially,
agent i considers that the true value of θ is in the range (µi(0)−3σi(0) , µi(0)+3σi(0))
with 0.997 probability. If he considers that agent j has a similar uncertainty, then a
distance between their mean beliefs greater than 6σi(0) indicates that there is virtually
no overlap between their beliefs, and we can use this as a basis for disappearance of
that social link. Thus after agents i observes j’s opinion, if

|µi(t)−µ j(t)|> 6σi(0) (3.4)

there is probability ρ that the edge from i to j will be removed, and a new edge will be
created from i to another random agent (not already connected to i). The choice of σi(0)
instead of σi(t) stems from the fact that agents uncertainties will approach 0 especially
quickly with the introduction of assimilation bias. As such, using σi(t) would result in
agents rewiring every connection.

In short, the proposed model can be described by 3 parameters:

• biased assimilation parameter λ: controlling the filtering efficiency of FL.

• biased evaluation parameter δ: controlling how uninformative the likelihood
becomes for disagreeing agents.

• biased seeking parameter ρ: controlling the rewire probability between disagree-
ing agents.

3.1.2 Determining noise

When looking at the general framework, we mention that each observation is associated
with some level of noise σS. Different choices are made for this value in the works of
Martins and Adams [57, 7]. Martins takes σS to be equal to the agents uncertainty σi(t).
On the other hand, Adams introduces the notion of ”shared uncertainty”, were σS is
taken to be the observed agents uncertainty σ j(t).

Both of these assumptions deviate from the idea of learning that Bayesian models
introduce. In Bayesian models, an agent will reduce its uncertainty as it makes more
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observations. As a result, after making many observations (for higher time steps), it
will be less swayed by a single new observation. With the assumption introduced by
Martins [57], since σS = σi(t), an agent will be equally swayed by an observation at
any time step. Since all agents uncertainties decrease over time, taking σS = σ j(t) has
a similar effect.

Furthermore, with the introduction of the assimilation bias, agents uncertainties will
decrease faster, making σi(t) and σ j(t) bad candidates for the reliability of the observa-
tion σS. Instead, we will take σS to be the agents initial uncertainty σi(0). Intuitively,
with this assumption, an agent considers the reliability of his observations to be equal to
his uncertainty about the variable before the learning process starts. Although still far
from perfect from a Bayesian standpoint, this assumption implies that as agents make
more observations, their opinion will be less affected by a single observation. Thus,
some notion of learning typical of Bayesian models is still preserved.

3.2 Simplifying Assumptions

The model we have presented leads to an update rule that becomes too computationally
expensive in complex settings. This is mainly a product of the introduction of the filter
function FL used to model biased assimilation. Thus, we here make some simplifying
assumptions which allow us to derive an analytical solution to the update rule, while
also showing that the emergent behaviour that arises from varying the parameter λ

remains the same as for the model proposed by Sobkowicz.

3.2.1 Computational challenges of Sobkowicz’s model

Under the updating rule proposed by Sobkowicz (Eq. 2.7), even if normally distributed
priors are assumed, the posteriors won’t be normally distributed. Further, intermediate
distributions required to make the calculations won’t be normally distributed either.
Note that given the commutativity of the product operation, Sobkowicz’s update can be
interpreted in two ways:

• Taking the product of the filter function and the likelihood, and then taking the
product of the resulting filtered likelihood and the prior (Fig. 3.1a)

• Taking the product of the filter function and the prior, and then taking the product
of the resulting filtered prior and the likelihood (Fig. 3.1b)

Both orders of derivation are identical and result in the same posterior. We see in Fig.
3.1 that the resulting posterior under Sobkowicz’s updating is skewed right with respect
to a normal distribution. Although less clear in the filtered prior case, the intermediate
distribution (in green) is also not normal.

The distributions resulting from repeated updating are complex in the sense that they
can’t be captured by a predictable number of parameters (such as mean and variance). A
common approach to deal with such distributions computationally, is to reduce them to
probability mass functions which assign probabilities for θ, in intervals of a given size in
[−1,1]. The probabilities for all intervals can be stored in an array which approximately
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(a) Filtered likelihood as intermediate distribution

(b) Filtered prior as intermediate distribution

Figure 3.1: Computational interpretations of belief updating as proposed by Sobkowicz:
(a) taking the intermediate distribution (in green) to be the filtered likelihood L(θ|s)FLi,
(b) taking the intermediate distribution to be the filtered prior fi(θ)FLi. Both cases lead
to the same posterior (in red), which is not normal.

represents the distribution. To obtain the products of pdf’s necessary for opinion
updating, one can iteratively perform element-wise multiplication of the distribution
arrays and normalize the result. This is in fact the way that Sobkowicz chooses to model
distributions in his simulations (using intervals of length 0.1). Although this is a valid
approach for the scope of Sobkowicz’s work, each update of an agents opinion requires
hundreds of operations. When dealing with large social networks, the computational
requirements become far too great to perform a comprehensive study of the model.

3.2.2 Vectorisation

A common approach to optimize computations involving arrays or matrices is the use of
vectorisation, that is, implementing array operations in such a way that the operations for
each element of the array are preformed in parallel. We use the python library Numpy
[41] to vectorise all operations. Although improvements are considerable with respect
to an iterative method (Fig. 3.3), the computation time is still too great. Further, using
arrays to capture probability density functions create problems other than computational
complexity (See Appendix A). We will discuss model implementation further in Sec.
3.3.1.
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3.2.3 Simplifying Assumptions for Analytical Solution

Given that vectorisation isn’t enough for our computational needs, and added problems
that come with using arrays to represent distributions, we propose a simplifying assump-
tion which allows us to find an analytical solution and thus, faster and more precise
calculations.

A widely used assumption in the field, is that of normally distributed opinions: a
normal distribution is enough to capture some value of the opinion and the uncertainty
that comes with it. Although an analytical solution is possible under this assumption
(See Appendix B), the mixture likelihood introduced by biased evaluation makes the
derivations far too complex. Thus, we opt for a slightly stronger assumption which
is taking the intermediate distribution (Fig. 3.1 in green) to be normally distributed.
This leads to a normal posterior since the product of normally distributed pdfs is itself
normally distributed. As there are two possible intermediate distributions, there is a
choice to be made with regards to taking the filtered prior, or the filtered likelihood.
We will take the intermediate distribution to be the filtered prior given that it is not
skewed, and thus more similar to a normal distribution. Further, taking this intermediate
distribution leads to the simplified update which behaves closer to the model proposed
by Sobkowicz (see in Fig. 3.2).

Thus, in the opinion update rule given by Eq. 3.1, we first compute the filtered prior f li
given by:

f li(θ) ∝ fi(θ)FLi(θ) (3.5)

∝ λ fi(θ)
2 +(1−λ) fi(θ) (3.6)

and then we take the product of the filtered prior and the likelihood f li(θ)L(θ|µ j(t))
to obtain the posterior. Assuming f li is normally distributed: f li(θ) = N(µ′i(t),σ

′2
i (t)),

we derive its mean µ′i(t) by taking the expected value of (3.6). The standard deviation
σ′

i can then be derived and through the standard result for random variables Var[θ] =
E[θ2]−E[θ]2. We get:

µ′i(t) = µi(t) (3.7)

and

σ
′
i(t) =

λ
σi(t)
4
√

π
+(1−λ)σ2

i (t)
λ

2
√

πσi(t)
+(1−λ)

(3.8)

The opinion update rule is now given by

fi(θ|s) ∝ f li(θ)L(θ|s) (3.9)

and we can obtain an analytical solution for this equation assuming that fi(θ|s) is
normally distributed. This solution is presented in Sec. 3.2.5.
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3.2.4 Computational improvements, and preserved behaviour

We have shown that through our proposed simplifications, an analytical solution can be
found for the process of updating with biased assimilation. To show that the proposed
simplifying assumption doesn’t have an effect on the qualitative behaviour of the
model, we replicate the main result from Sobkowicz with regard to the confirmation
(assimilation) bias filter. That is, we take agents to be exposed to the same observation
s = 0.6 at each iteration with probability p = 0.3, which they will take to be sampled
from a distribution with σS = 0.4. In other words, each iteration, agents update their
beliefs using the likelihood L(θ|s) = N(0.6,0.4) with probability p = 0.3, and keep
their old beliefs with probability 1− p = 0.7.
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Figure 3.2: Evolution of mean beliefs of 50 agents repeatedly updating their beliefs
through the likelihood L(θ|s) = N(0.6,0.4), and with varying assimilation bias strength
λ. Simulations are run with Sobkowicz’s model (top), with our simplified model taking the
filtered prior as intermediate distribution (middle), and with our simplified model taking
the filtered likelihood as intermediate distribution (bottom).

We observe that the qualitative behaviour of the model proposed by Sobkowicz is
preserved with the introduction of our simplifying assumption (with filtered prior). That
is, being exposed to the same signal repeatedly, agents beliefs will stabilize at a greater
distance from the observation as the filtering efficiency λ increases (See Sec. 4.1 for
further discussion of updating under a single observation). Taking the filtered likelihood
as the intermediate distribution alters the sensitivity of λ, further justifying our choice
of using the filtered prior as the intermediate distribution.

Fig. 3.3 shows how the computational times for simulations scale as a function of the
number of agents simulated. We see that the introduction of an analytical update rule
leads to much faster simulations which are therefore scalable to larger networks and
more complex interaction patterns (rewiring).
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Figure 3.3: Computation times for simulations with varying numbers of agents and
different implementation methods.

3.2.5 Final update rule

Given our simplifying assumptions, agents beliefs are captured by normal distributions.
Thus, the process of opinion updating for a single agent can be described through the
update of its mean and variance. At time step t take agent i to have the prior belief
fi(θ) = N(µi,σ

2
i ), when agent i observes the mean belief µi of agent j, it updates its

opinion to the posterior given by

f (θ|µ j) ∝ f li(θ)L(θ|µ j) (3.10)

where f li(θ) is normally distributed, and L(θ|µ j(t)) is the mixture likelihood proposed
by Martins. By assuming the posterior is normally distributed: f (θ|µ j) = N(µi(t +
1),σ2

i (t +1)), the mean and variance can be analytically derived as shown in Adams
[7] through:

µi(t +1) = δ
∗µiσ

2
i,0 +µ jσ

′2
i

σ2
i,0 +σ′2

i
+(1−δ

∗)µi (3.11)

σi(t +1) = σ
′2
i

(
1−δ

∗ σ′2
i

σ′2
i +σ2

i,0

)
+δ

∗
(

1−δ
∗
( µi −µ j

1+(σi,0/σ′
i)

2

))
(3.12)

where

δ
∗ =

(1−δ)φ

(1−δ)φ+δ
(3.13)

and

φ =
1√

2π(σ′2
i +σ2

j)
e
−

(µi−µ j)
2

2(σ′2i +σ2
i,0) (3.14)

with σ′
i derived as per Eq. 3.8.



Chapter 3. Methods 18

3.3 Implementation, simulations and metrics

In the previous sections, we have introduced the proposed model, and simplifying
assumptions that allow us to run simulations in more complex contexts than the ones
explored in previous work. We briefly go over how the simulations are implemented and
run, and we consider the metrics we will use to study the evolution of agents opinions.

3.3.1 Implementation and Simulations

The full model, and simulations are implemented from scratch using Python 3. All
code is publicly available [1], and the results presented here can be easily reproduced
by running Jupyter Notebooks which are also made available. Given the complexity
of the model being implemented, and the number of different scenarios we will con-
sider, we use the Object Oriented paradigm to improve the reusability of code. Using
this paradigm not only ensures consistency within our own work, but also facilitates
reproducibility, further extensions, and makes the code more readable. We use the well
established library Networkx [39] to deal with complex networks, Matplotlib [45] and
Seaborn [77] for visualizations, and Numpy [41] for vector operations.

3.3.2 Disagreement, Diversity and Polarisation

In some cases, an analysis of an opinion formation model can be carried out by plotting
agents opinions over time and studying the emerging phenomena. Nevertheless, in more
complex scenarios, this method will fail to capture nuances such as the relationship be-
tween opinions and the underlying network structure. These more intricate relationships
can be studied through metrics defined over the opinion space, which in turn allow for a
more quantitative analysis of the model. For our purposes, we will focus on two metrics:
i) Diversity: Which captures how much agents opinions differ from the mean opinion
and ii) Disagreement: Which captures the difference in opinion between neighboring
agents. Given a vector of opinions µ and a graph G(V,E) representing the network of
social interactions, we define Diversity Dv(µ) and Disagreement DG(µ) as follows:

Dv(µ) =
|V |

∑
i=1

(µi −µ)2

|V |
(3.15)

DG(µ) = ∑
(i, j)∈E

(µi −µ j)
2

|E|
(3.16)

An unnormalised version of these metrics was introduced by Musco et al. [60] and
latter used by Chen [22] where Diversity was instead labeled Polarisation. We find that
the term Diversity used by Stern [69] is better suited, as the transition from Consensus
to Dissensus leads to an increase in diversity, but shouldn’t be considered Polarising.
Instead, we consider Polarisation to be captured by both an increase in Diversity, and the
fragmentation of the opinion space into two main clusters. We choose to normalize these
metrics by the number of vertices (agents) |V | and number of edges |E| respectively,
since we will be dealing with networks of different sizes.
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Results

4.1 Single Observation

As we are working with a complex update rule (complex agents), it is useful to consider
the model in simple settings before moving to complex social networks. First, we
investigate the implications of the update rule by considering the case where agents
don’t interact, and are repeatedly exposed to the same observation. Given the lack of
agent interactions, the seeking bias is irrelevant. Instead, we focus on the implications
of assimilation bias and evaluation bias in our proposed update rule.

4.1.1 Impact of varying bias strength

As we have mentioned, we consider the case where instead of observing other agents
opinions, all agents repeatedly make the same observation s. Agents take this observa-
tion to be related to the parameter θ they are trying to estimate, that is, they take s to be
an observation of a random variable S ∼ N(θ,σ2

s ). Given this observation, they update
their opinions according to Eq. 3.1. While this is a very unrealistic and oversimplified
scenario, it is useful to understand the low level implications of the proposed update
rule.

We take a set of 30 agents trying to estimate the parameter θ. At each time step,
all agents observe the same signal s = 0.6, which they take to be an observation of
S ∼ N(θ,σ2

s ) where σs = 0.3. All agents have the same initial uncertainty given by
σ(0) = 0.2, and mean beliefs of agents are uniformly distributed between −1 and 1.
For clarity, we are taking s to have a constant value, instead of drawing s from the
distribution N(0.6,0.32). Drawing s from the distribution simply introduces noise, and
doesn’t affect the emergent behaviour (see Appendix C).

Figure 4.1 shows the evolution of agents mean beliefs, resulting from simulating the
repeated update we have described. Different values for the biased evaluation δ and
biased assimilation λ parameters of the update rule are considered. In the trivial case
(λ = 0, δ = 0), all agents eventually adopt the opinion corresponding to the observed
signal s = 0.6.

19
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Figure 4.1: Evolution of agents mean beliefs under repeated observation of s = 0.6
taken to be sampled for S ∼ N(s,σ2

S = 0.32), varying evaluation bias δ and assimilation
bias λ parameters. Agents initial uncertainties are taken to be σ(0) = 0.2. With
increased biased assimilation agents beliefs stabilize further from s, with increased
biased evaluation it takes more iterations for agents to change their beliefs towards s,
and when both biases are introduced disagreeing agents will preserve their prior.

The introduction and increase of the biased evaluation parameter δ has the effect of
delaying agents ability to learn from s based on how distant the prior belief is from
the observation. The intuitive interpretation of these results, is that agents discard
information as unreliable if it is distant enough from their beliefs. Nevertheless, if the
conflicting information is observed enough times, they will eventually recognise its
validity. Increasing the evaluation bias parameter δ increases the number of times an
agent must be exposed to the conflicting information before changing his beliefs in any
substantial way. For δ = 0.1, the agent with initial opinion of −1 changes his beliefs
before time step 102, while for δ = 0.6, the observation hasn’t had a significant effect
on the agents beliefs long after time step 102.

On the other hand, with the introduction of biased assimilation λ, agents change their
prior beliefs from the start, but through ”squaring” their prior as part of the update,
the uncertainty of their beliefs decreases faster. This together with a reduced shift in
opinion causes agents opinions to stabilize at a distance from the information being
presented to them. We can interpret this phenomena as agents reducing their uncertainty
more than they should for each observation, and interpreting information in a biased
way. The combination of these elements allows them to hold their beliefs while being
exposed to differing information. For higher values of the parameter λ, agents beliefs
stabilize sooner and at a greater distance from the value of s.
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Finally, when introducing both biases at the same time, we see a third pattern of
behaviour arise. Agents that have priors distant enough from the truth, reduce their
uncertainty about their opinion even when observing information they consider uninfor-
mative. For combinations (δ = 0.6,λ = 0.02) and (δ = 0.1,λ = 0.1) we see two main
groups of agents emerge: agents who eventually learn the truth (albeit with some error),
and agents who preserve their prior beliefs. For higher values of the bias parameters
(δ = 0.6,λ = 0.1), more agents will tend to simply preserve their prior beliefs.

This setting is very similar to the one considered by Sobkowicz [68] and shows a
less noisy version of the implications of biased assimilation. In the case of biased
evaluation, the scenario of repeated observations hasn’t been considered in previous
work and provides a good overview of how the behaviour emerging from the modified
likelihood aligns with the intuition behind biased evaluation of information. The
interactions between both biases leads to a new dynamic where agents opinions are
indefinitely unaffected by the observation.

4.1.2 Departure from Bayesian intuitions

We have shown that the behaviour of the model in the setting of repeated observations
seems to be consistent with the ideas of biased evaluation and biased assimilation.
Nevertheless, we here point out that the modifications to Bayesian-inference introduced
can change the intuitive meaning of the variables involved.

As we have established, by Bayesian intuitions σS indicates the reliability or noisiness
of the observation s. Thus, for smaller values of σS (a more reliable observation), we
would expect a greater shift in opinion after observing s. Nevertheless, we see that this
is not necessarily the case with the introduction of the modified likelihood used to model
biased evaluation. Figure 4.2 shows the same setup as in the previous section, but this
time, varying σS. We see that in the presence of biased evaluation, for smaller values of
σS, it will take more observations for disagreeing agents to change their beliefs. The
reason for this, is that by taking the likelihood to be a mixture of N(s,σS) and a uniform
distribution, reducing σS will increase the section of the likelihood which is uniform
and thus uninformative about θ.

Figure 4.2: Evolution of agents mean beliefs under repeated observation of s = 0.6
taken to be sampled from S ∼ N(s,σ2

S), with varying values of σS and δ = 0.6,λ = 0.
For smaller σS, it takes longer for disagreeing agents to change their beliefs.
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A possible interpretation for the role of σS in this case would be that smaller values of σS
indicate stronger observations, that is, observations that are compatible with a smaller
set of beliefs (hypotheses). The new interpretation better aligns with the observed
behaviour since agents are more likely reject the validity of observations that differ
from their beliefs if these observations have stronger implications (i.e. are compatible
with a smaller set of beliefs). Although not mentioned in Martins [57] or Adams [7],
this deviation from Bayesian intuitions is also present in these models. Consequently
the alternative interpretation proposed is also pertinent for their work.

4.2 Fully-Connected Networks

Having a basic understanding of the implications of the update rule, we now move
on to the case of interest, where agents observe other agents’ opinions. As is often
the case in the literature, we are concerned with the transition from a random state of
opinions to a stable state. We start by considering agents in a fully connected network
where every agent can potentially observe every other agent. Again, in this context,
biased seeking is irrelevant since rewiring a fully connected network will lead to the
same network. We consider the separate and combined effects of biased evaluation and
biased assimilation.

4.2.1 Evaluation bias and fragmentation of opinion

We take a set of 100 agents in a fully connected network, with initial mean opinions
uniformly distributed between −1 and 1. Further, take the agents initial uncertainties
to be equal and determined by σ0. To understand the effects of evaluation bias on
collective opinion formation, we set δ = 0.3. Fig. 4.3 shows the effects of varying the
value of agents initial uncertainties in the presence of biased evaluation. As agents
initial uncertainties get smaller, the final opinion space becomes fragmented into more
clusters.

Figure 4.3: Evolution of interacting agents mean beliefs on fully connected network, with
varying initial uncertainty and biased evaluation δ = 0.3. Opinions become fragmented
into more clusters for lower initial uncertainties σ0.

The core behaviour emerging from biased evaluation is the clustering of opinions. This
observation is consistent the results observed by Martins [57] where stronger priors also
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(a) Number of final opinions (b) Opinion convergence time

Figure 4.4: Effects of δ and σ0 on opinion clustering. (a) shows the number of final
opinion clusters while varying both parameters. (b) shows the effect of δ on the time it
takes for opinions to converge to a stable state (running 5 simulations for each value and
plotting respective error bars).

lead to more final clusters of opinion. Note that the ability of our model to replicate
such emergent behaviour is not trivial given the differences in update rules and setting:
In Martins [57], agents uncertainties are not updated and interactions are sequential (a
single agent makes an observation at any given time step).

The level of clustering, or number of emerging opinions is not controlled by the biased
evaluation parameter δ, but instead by agents initial uncertainties σ0. As we have
previously observed, for higher values of δ, agents will take longer to accept conflicting
information, on the other hand, their initial uncertainty σ0 will determine how distant
an observation needs to be for it to be considered as conflicting with their beliefs.

We pursue a stronger investigation into the role of σ0 and δ in the clustering of opin-
ions, by looking at the final number of opinions (number of clusters) as a function of
both parameters. Fig. 4.4a shows the final number of opinion clusters for different
combinations of values for δ and σ0. For each combination of parameters, 3 different
simulations are run, and the mean number of clusters is displayed in the heat map. It is
clear from Fig. 4.4a the number of opinion clusters is affected mainly by σ0, revealing
that, for fragmentation of opinions, which opinions are considered to be conflicting is
more important than how long it takes for a conflicting opinion to be accepted.

Even if the same number of clusters tend to arise with different values of δ, the biased
evaluation parameter influences how long it takes for these clusters to form. Fig. 4.4b
shows the increase in the number of iterations it takes for opinions to converge to a
stable state.

4.2.2 Assimilation Bias and Strong diversity

From the previous section, we conclude that biased evaluation is responsible for the
emergence of a fragmented opinion space. Further, total consensus is reached within
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each cluster. That is, every agent within a cluster holds the same opinion. This
phenomenon is know as weak diversity and describes the outcomes of the vast majority
of continuous opinion models in strongly connected networks. Nevertheless, the idea of
total agreement within clusters which weak diversity entails is rarely observed in the
real world. Given the limitations of these models, there is a growing effort to capture
strong diversity [31]. By opposition to weak diversity, strong diversity is the scenario
where there is persistent disagreement even within clusters [12]. We now show that
the introduction of biased assimilation gives rise to strong diversity both in outcomes
leading to consensus, and to clustering of opinions.

When considered in isolation, biased assimilation leads to diverse consensus: opinions
stabilize into a single cluster, but different opinions are held within that cluster. We
observe this in Fig. 4.5 were we show the results of simulations run in the same setting
as in the previous section, but with δ = 0, and fixed σ0 = 0.15. The assimilation bias
parameter λ controls the diversity of the obtained cluster. For high enough values of
λ, agents will tend toward dissensus, where each agent tends to preserve their initial
opinion.
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Figure 4.5: Evolution of interacting agents mean beliefs on fully connected network, with
varying assimilation bias δ = 0

Strong diversity with opinion clustering emerges when we consider agents with both
assimilation bias, and evaluation bias. This is shown in Fig. 4.6 where we see that
again, λ controls the diversity within clusters of opinion.

Figure 4.6: Evolution of interacting agents mean beliefs on fully connected network, with
varying assimilation bias δ = 0.3.
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The presence of biased evaluation accelerates the emergence of dissensus with the
increase of λ. Further, we observe that the size and diversity of the clusters are not
uniform, but are affected by the randomness involved in the simulations.

4.3 Social Networks and the seeking bias

By studying the model in fully connected networks, we have seen that biased evaluation
leads to a fragmented opinion space and the introduction of biased assimilation gives
rise to strong diversity, where differing opinions can coexist within opinion clusters. We
now move on to the more realistic setting where agents can’t interact with every other
agent, but instead they are embedded in an interaction network and can only interact
with their neighbors. This setting allows us to introduce the seeking bias characterized
by the parameter ρ. Note that as the seeking bias is modeled by rewiring the network,
its dynamics can be affected by the structure of the network being rewired. We study
the effects of the seeking bias in three different types of artificial networks and consider
how different network properties impact these effects.

4.3.1 Dealing with complexity

As we increase the complexity of the studied setting the properties of the opinion
updating process become harder to analyse by visualising the evolution of agents mean
beliefs. It is for this reason that we draw from metrics such as Disagreement, or Diversity
presented in the Methods. Since we are interested in how the seeking bias is affected by
other biases and by network structure, we here focus on Disagreement as it captures
both properties about opinions and the topology of the network. The results with regard
to Diversity for all the simulations considered in this section can be found in Appendix
D.

Since the three networks we will consider are generated through random processes,
introducing these complex networks to our simulations adds more randomness to the
process of opinion formation. Generating a single network and drawing conclusions
from the computed Disagreement would be inappropriate, as the results are likely to
be noisy and biased by the specific network constructed. Instead, for each type of
network and each set of parameters considered, we generate 100 networks, we run the
process of opinion updating on each network, and we look at the distribution of the final
disagreement across the 100 generated networks.

4.3.2 Network Density in Random Netwoks

The first type of artificial network we consider is the Erdös–Rényi random graph [32].
Given a set of nodes, this network is constructed by creating an edge between each
pair of nodes with probability p. Although randomly connecting nodes may seem too
simplistic, when p is such that each node is connected to at least one other node on
average, a giant connected component emerges resembling the random but globally
connected nature of social networks. The parameter p is an indicator of the density
(also called connectivity) of the network, where the density of a network represents
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the number of existing edges with respect to the possible number of edges. Real
social networks have varying densities, from highly interlinked, to loosely connected
individuals [40, 42].

In order to understand the how network diversity impacts final disagreement between
agents, and how this impact changes with the seeking bias, we look at the distribution
of final disagreement for generated Erdös–Rényi random graphs of 100 nodes with
different densities. Fig. 4.7 shows how disagreement varies with network density,
considering both the case with no biased seeking ρ = 0 (in blue), and the case with
biased seeking ρ = 1 (in red). Further, we also consider the cases where biased
assimilation and biased evaluation are respectively introduced.
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Figure 4.7: Final disagreement after 1000 time steps, for varying density p in random
networks, with seeking bias parameter ρ = 0 on the left (in blue), and with ρ = 1
on the right (in red). Three settings are considered: (a) where no other biases are
introduced (δ = 0,λ = 0), (b) with biased assimilation (δ = 0,λ = 0.02), and (c) with
biased evaluation (δ = 0.3,λ = 0).

When no other biases are at play (Fig. 4.7a), we observe that final disagreement
decreases as we increase the density of the network, trending towards total consensus
for higher values of p. We find an anomaly in this trend for disagreement at p = 0.01
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which decreases with respect to p = 0.02. This change in the trend is a product of the
network becoming fragmented for low enough densities. We are surprised to find, that
in this context, when introducing the rewiring for biased seeking, we see little effect on
the resulting disagreement, and the same trend is preserved.

When considering the case with assimilation bias (Fig. 4.7b), we see a general increase
in disagreement with regards to the unbiased case (by a factor of 10), but similarly, the
introduction of rewiring has little effect with regards to final disagreement.

The more interesting result appears when we introduce biased evaluation. As shown in
Fig. 4.7c, we see that the introduction of biased evaluation leads to disagreement that
seems fairly invariant to network density without biased seeking. Nevertheless, with
the introduction of biased seeking, final disagreement decreases considerably as the
network becomes more sparse.

We conclude from this analysis that in order for the seeking bias to have a noticeable
impact on disagreement in random networks, in must be introduced together with biased
evaluation. In this case, biased seeking will lead to lower disagreement between agents.
Further, the effects of the seeking bias are amplified as the diversity of the network
decreases.

4.3.3 Clustering in Small-World Networks

Purely random graphs as studied in the previous section, exhibit short path lengths,
that is, any two nodes are a small number of connections away. The emergence of this
phenomenon in real social networks is perhaps best know through the idea of six degrees
of separation, which states that all people are at most six social connections away from
each-other. This concept was first introduced by Frigyes Karinthy in a short story [49],
and has lead to several empirical studies which confirm that many real networks are
characterised by short path lengths [75, 78, 24]. Nevertheless, social connections are
not made completely at random, instead social groups form representing clusters in the
network of social interactions. Formally, a network exhibits clustering when two nodes
are more likely to be connected if they have a common neighbor.

Small-World networks have both short path lengths and high clustering, arguably making
them more representative of real social interactions. The Watts–Strogatz algorithm
allows us to randomly generate such networks [79]. The algorithm arranges a set of
nodes in a circle and connects each node to its k nearest neighbors (k/2 on each side).
With the obtained network, the edges of each node are rewired with probability q. That
is, the connection between that node and its neighbor is broken, and a new random
connection is made. Here, k controls the density of the network, and q controls the level
of clustering: for low q, agents are mostly connected to their nearest neighbors (high
clustering), for higher q, clusters are broken by randomly rewiring connections (low
clustering). As we have already studied the effects of density in the previous section,
we now focus on clustering controlled by q. Thus, for the rest of thus section, we will
set a fairly sparse density k = 4.

As for random graphs, we look at the distribution of final disagreement for generated
Watts–Strogatz networks of 100 nodes, with varying clustering q. Fig. 4.8 shows how
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final disagreement varies with network clustering q with and without seeking bias, in
the same three cases considered for random networks.
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Figure 4.8: Final disagreement after 1000 time steps, for varying clustering q in
Watts–Strogatz networks, with seeking bias parameter ρ = 0 on the left (in blue), and
with ρ = 1 on the right (in red). Three settings are considered: (a) where no other biases
are introduced (δ = 0,λ = 0), (b) with biased assimilation (δ = 0,λ = 0.02), and (c) with
biased evaluation (δ = 0.3,λ = 0).

In the case where no other biases are involved (Fig. 4.8a) and without biased seeking,
increasing clustering (decreasing q) up to q = 0.08 increases final disagreement. After
that point, disagreement seems to slightly decrease for higher clustering. Note that with
high clustering, agents in the same cluster are semi-isolated from the rest of agents,
leading to low disagreement within clusters. Nevertheless, clustering also affects the
ability of opinions to spread to the whole population, leading to higher disagreement
between clusters. We interpret this trade-off to be captured by the observed trend in
disagreement. With the introduction of biased seeking, we see an overall increase in
disagreement, especially for higher clustering. By rewiring the connections, clustering
decreases through time allowing opinions to spread more easily to the whole population.
Nevertheless, as the results suggest, it doesn’t decrease quickly enough for the overall
disagreement to decrease in a way that compensates for the loss of clustering.
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In the case with biased assimilation (Fig. 4.8b), the opposite pattern arises, where
increasing clustering leads to a decrease in disagreement. As the introduction of biased
assimilation makes agents opinions stabilize after a given number of time steps, even
with low clustering, opinions won’t spread for the whole population to reach a consensus.
As such, low disagreement within clusters is more important in reducing disagreement,
and it is obtained with high clustering. We see again that the introduction of rewiring
leads to higher disagreement, with a more noticeable effect for high clustering.

Finally, in the case with biased evaluation, we observe a great decrease in disagreement
with the introduction of biased seeking, but this effect seems to be indifferent to the
level of clustering.

We here conclude that, surprisingly, biased seeking can also result in an increase in
disagreement which is most noticeable for high clustering and in the presence of biased
assimilation. Nevertheless, we find that again, the strongest effect of biased seeking is a
reduction in disagreement which appears only in the presence of biased evaluation.

4.3.4 Degree heterogeneity in Scale-Free Networks

In the two networks we have studied so far, each node has a similar number of neighbors
(Degree). Nevertheless, when it comes to social interactions and social influence, it is
often the case that some people are more influential or connected than others. This is
especially apparent in social media, where few people accumulate the vast majority of
views and followers of the platform. A stronger claim is often made in social network
analysis, which is that the degree of nodes in social networks follows a power-law
distribution [59, 18]. Networks with this property are called Scale-Free, and the most
common algorithm for generating such networks is the Barabási-Albert model [15].

In the Barabási-Albert algorithm, we start with a set of m0 nodes, and we add new
nodes to the network one at a time until the we reach the desired size. Each added node
is connected to m < m0 existing nodes, where the probability of the new node being
connected to a node i is

pi =
ki

K
(4.1)

where ki is the degree of i and K is the sum of the degrees of all nodes in the network.
In this way, it is easy to see how nodes with more connections will accreete the majority
of the connections as the network grows. The parameter m controls the density of the
network. We will fix m = 3 as we have already covered the effects of network density.
Instead, we will focus on the effect of the size of the network when generated using the
Barabasi-Albert model.

We look at the distribution of final disagreement for generated Barabasi-Albert networks
of varying sizes. Fig. 4.9 shows how final disagreement varies with network network
size, with and without seeking bias, in the same three cases considered previously.

When no other biases are introduced (Fig. 4.9a), it is worth noting that disagreement
is much lower (by a factor of 10) than for random or small-world networks. Given
that only a few agents accumulate the vast majority of social connections, many agents
will simply be exposed to the opinions of the more influential agents. By repeatedly
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observing the same few agents, their opinions will quickly converge to match that of
the more connected agents, leading to specially low disagreement. We observe that
introducing biased seeking increases disagreement by a small amount, perhaps more
noticeable for larger networks.

In the case with biased assimilation (Fig. 4.9b), introducing biased seeking leads to
a slight decrease in disagreement, and in the case with biased avaluation, we again
observe a strong decrease in disagreement with the introduction of biased seeking.

100

200

300

400

500

600

800

1000

0.0000 0.0002 0.0004 0.0006 0.0008 0.0010 0.0012
Disagreement

2000

S
iz

e 
n

100

200

300

400

500

600

800

1000

0.0000 0.0002 0.0004 0.0006 0.0008 0.0010 0.0012
Disagreement

2000

S
iz

e 
n

(a) No other biases at play

100

200

300

400

500

600

800

1000

0.02 0.03 0.04 0.05 0.06 0.07
Disagreement

2000

S
iz

e 
n

100

200

300

400

500

600

800

1000

0.02 0.03 0.04 0.05 0.06 0.07
Disagreement

2000

S
iz

e 
n

(b) Assimilation bias λ = 0.02

100

200

300

400

500

600

800

1000

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Disagreement

2000

S
iz

e 
n

100

200

300

400

500

600

800

1000

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Disagreement

2000

S
iz

e 
n

(c) Evaluation bias δ = 0.3

Figure 4.9: Disagreement for varying network sizes in scale-free network (a) with seeking
bias parameter ρ = 0, and (b) with seeking bias parameter ρ = 1 with assimilation bias
λ = 0.02. Plots on the left (in blue) show the case where there is no seeking bias (ρ = 0),
plots on the right (in red) show the case where there is strong seeking bias (ρ = 1).

Although the effects found when no other biases are at play and with biased assimilation
are not too significant, we see that for scale-free networks, the decrease in disagreement
introduced by biased seeking is also present when biased evaluation is introduced.

4.3.5 Qualitative implications of biased seeking

We have shown that the effects of biased seeking on disagreement between agents are
very dependent on network structure and on the other biases present. Surprisingly,
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preferential attachment doesn’t always lead to higher homophily, since it can increase
disagreement as shown for Small-World and Scale-Free networks. Nonetheless, biased
seeking has the highest impact when biased evaluation is also present. In this case,
we see a great decrease in disagreement which becomes more pronounced in sparse
networks.

Other than understanding the impact of biased seeking on the metric of disagreement,
to get a more complete picture of the evolution of the opinion space, we consider the
evolution of agents mean opinions in the case with biased evaluation where biased
seeking is most influential.
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Figure 4.10: Effect of biased seeking ρ on the evolution of agents mean beliefs in (a)
Erdös–Rényi random graph (p = 0.01), (b) Watts–Strogatz network (k = 4,q = 0.8), and
(c) Barabasi-Albert network (m = 3) with 100 agents (λ = 0, δ = 0.3, σ0 = 0.1). The
distribution of agents opinions becomes more diffuse in complex networks, nevertheless,
with the introduction of biased seeking clear opinion clusters emerge.

It is clear, in comparison with our simulations in fully connected networks, that em-
bedding agents in a complex network structure leads to much more diverse opinion
distributions (in contrast with the clear clusters emerging in fully connected networks).
The structure of the network affects the ability of opinions to spread, leading to higher
diversity and less clear cut clusters. The introduction of biased seeking ρ = 1, has
the effect of better differentiating the emerging clusters, and reducing diversity within
clusters. Note that in these networks, strong diversity emerges even without biased
assimilation.

4.4 Extreme Agents and Polarisation

We have provided an overview of the effects of each bias, and their combined presence
in fully connected networks and in more realistic and complex networks. We now
focus on polarisation, which is perhaps the most relevant phenomenon in the process of
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opinion formation given its prevalence in the many political spheres. Given our model
based on confirmation biases, we study which biased behaviour has a greater effect
in generating polarised communities. We consider an opinion dynamics process to be
polarising, if it leads to an increase in the diversity metric presented in the methods
while generating two main clusters of opinion.

4.4.1 Communities and the Stochastic-Bloch model

To understand what conditions lead to the emergence of two polarised communities, a
common choice for the underlying network structure is the Stochastic Block Model [3,
81, 22]. This model generates a network with communities defined by high connectivity
within communities and low connectivity between communities. We construct two
communities with 100 nodes each where the probability of creating an edge between
two nodes is 0.2 if they are in the same community, and 0.05 if they are in different
communities. This choice of parameters is derived from the study of polarising dynamics
in Chen et al [22] which we will compare our results to (See Sec. 4.4.4).

4.4.2 A non polarising model for uniform uncertainties

If we consider agents prior uncertainties to be unrelated to their opinions, such as
taking all agents to have the same prior uncertainties as we have done until now, the
proposed model is not polarising under any combination of bias parameters. Although
the introduction of the evaluation bias parameter can lead to two different clusters of
opinion, the overall diversity is reduced from the initial random setting and as such we
don’t consider this process to be polarising.
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Figure 4.11: Evolution of diversity for simulations run with different combinations of the
bias parameters in stochastic-block model with two communities of 100 agents each. No
increase in diversity is observed for any combination of biases.
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Fig. 4.11 shows the evolution of Diversity over time for different combinations of the
three introduced biased behaviours. It is clear that although stronger biases prevent
consensus, Diversity will always decrease, or at most remain constant.

4.4.3 Polarisation emerging from the introduction of extreme agents

A recurring theme in polarising models is that of extreme agents, derived from the
observation that people with extreme opinions (modeled as −1 and 1) tend to be
more reluctant to change their mind. Extreme agents are often defined as agents with
an unchanging opinions of −1 or 1. Given that we are working with probabilistic
opinions, we relax this assumption and simply take extreme agents to have a smaller
prior uncertainty σEX . We denote η the number of extreme agents introduced for each
extreme opinion. For η = 5, we would have 10 extreme agents (5 with prior mean of
−1 and 5 with prior mean of 1). We set normal agents initial uncertainty to σ0 = 0.2,
and extreme agent’s to σEX = 0.02.

We first consider the effect of each individual bias and look at which biased behaviour
produces a potentially polarising outcome (an increase in diversity). Fig. 4.12 shows
the evolution in disagreement and diversity over time for varying numbers of extreme
agents η, and individually introducing each of the relevant biases. The main observation
to be made, is that in the absence of evaluation bias, both Diversity and Disagreement
decrease over time for any number of extreme agents leading to some form of consen-
sus. On the other hand in the presence of evaluation bias, we observe that with the
introduction of more than 10 extreme agents, the Diversity and Disagreement increase
over time.
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Figure 4.12: Evolution of Diversity and Disagreement with varying numbers of extreme
agents, and different parameter settings for the three biases.

As we have shown that, in the proposed model, only biased evaluation leads to an
increase in diversity, we take δ = 0.3 and consider how the interactions with other
biases affect the polarising dynamics. These interactions with other biases can be
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observed in Fig. 4.13. With the introduction of biased assimilation the polarising effects
are preserved, but become more moderate. Introducing seeking bias accelerates the
convergence time of overall diversity, but mainly has the effect of reducing disagreement
to 0 where there is complete consensus within the polarised communities giving rise to
echo chambers (communities where all agents hold the same opinions).
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Figure 4.13: Evolution of Diversity and Disagreement with varying numbers of extreme
agents, and different parameter settings for the three biases.

Finally, when all biases are introduced, we observe a similar pattern of increasing
Diversity (polarisation) and decreasing Disagreement, but where disagreement doesn’t
converge to absolute consensus within groups, but instead stabilizes before that point,
creating diverse echo chambers (communities where agents hold similar beliefs but
with some level of disagreement).
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Figure 4.14: Evolution of agents beliefs with extreme agents (η = 50) and with all biased
behaviours (δ = 0.3, ρ = 1, and varying λ). Two polarised communities emerge, and
disagreement within communities arises with the introduction of biased assimilation.

As we discussed, polarisation is described not only by the increase in diversity, but
also by the fragmentation of opinions into two main clusters. Fig. 4.14 shows that the
increase in diversity is also accompanied by opinions tending towards the extremes,
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verifying that the increase in diversity is in fact polarising. Further, we observe that
increasing biased assimilation leads to higher disagreement within the polarised com-
munities, tending towards dissensus for higher values of the parameter.

4.4.4 Other polarising models

To put our results in context, we draw from the work of Chen et al. [22], and compare
our results to the commonly observed behaviours in other polarising models. Fig. 4.15
shows the results obtained by Chen et al. for three different polarising models FJCB,
BOF and ECHO. These results are obtained using the same setting we have considered.
That is, agents are embeded in a network generated through the stockastoc block model,
with to comunities of 100 agents and probability of connection within community of
0.5 and between communities of 0.02.

(a) FJCB (b) BOF (c) ECHO

Figure 4.15: Evolution of Polarisation (Diversity) and Disagreement measures over time
for three different polarising models: FJCB, BOF and ECHO. In FJCB social connections
are altered and η controls the strength of these alterations. In ECHO, ηα controls the
number of extreme agents. The observed polarising dynamics lead to high Polarisation
(Diversity) and low disagreement,

Note that the Disagreement and Polarisation metrics shown in the figures, are unnor-
malised versions of the Disagreement and Diversity metrics we are working with. We
observe two different polarising dynamics. For the FJCB and ECHO models, when the
models are polarising, Diversity (Polarisation) increases, and Disagreement converges
to 0. For BOF, we see that both Diversity and Disagreement increase, thus opinions
become polarised and agents maintain strong disagreement with their neighbors. The
novelty of our model is that it generates a third pattern, where we see an increase in
Diversity (Polarisation), and a decrease in Disagreement which stabilizes instead of
converging to 0, thus preserving some diversity within polarised groups.
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4.5 Validation

Validation of opinion dynamics models is challenging and not commonly observed in the
literature. This is in part due to the fact that opinions are complex and multidimensional,
and as such it is hard to capture them through a numerical value. Further all possible
outcomes of opinion formation are observed in real life within different contexts, making
it hard to determine what outcomes a model should be able to predict.

In an attempt to provide some form of validation for our model, we draw from ideas
introduced by Devia and Giordano [29] with regard to validating opinion dynamics
model. In their work, they propose that since a range of behaviours is observed in the
evolution of opinions: consensus, dissensus, clustering, and polarisation, the validity
of a model should be assessed by the models ability to reproduce these states, and
trasitions between different states. They go on to propose a framework for validation
through histograms and survey data, which we won’t apply in the scope of this work.

Instead, to asses the qualitative validity of the model, we look at its ability to generate
Consensus, Clustering, Dissensus and Polarisation in real world networks. We use four
different datasets of online social communities. Table 4.1 summarises the structural
properties of these networks computed using networkx [39].

Network name Edge meaning N E ⟨k⟩ C
Advogato Trust 6,539 40,548 12.4 0.18

Flickr Similarity 105,938 2,316,948 43.74 0.089
Facebook Friendship 4,039 88,234 43.69 0.606

Twitter Friendship 63,731 1342296 33.02 0.565

Table 4.1: Structural properties of the studied networks. N is the number of nodes, E is
the number of edges, ⟨k⟩ is the average degree, C is the clustering coefficient.

For each different network, we consider initially uniform opinions between −1 and
1, and we vary biased assimilation λ, biased evalutaion δ and the number of extreme
agents in order to achieve the desired outcome. Note that we don’t introduce biased
seeking as we want to preserve the network structure obtained from the datasets. Fig.
4.16 shows the evolution of opinion densities for the four different networks and for
different combinations of parameters. We see that our model is able to reproduce all
outcomes, although polarisation appears to be harder to reproduce for larger networks
(Flickr, Twitter). Further, the number of extreme agents introduced in order to achieve
a polarising outcome is a fifth of the network size, which is a very high number of
extreme agents, and perhaps unrealistic.
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Figure 4.16: Opinion densities over time for 4 different social media networks replicating
each qualitative outcome of opinion formation. Parameters are chosen as follows for
each distributions: Consensus (λ = 0, δ = 0,η = 0), Clustering (λ = 0, δ = 0.3,η = 0),
Dissensus (λ = 1, δ = 0.3,η = 0), Polarisation (λ = 0, δ = 0.3,η = n
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Chapter 5

Conclusions

5.1 Summary of findings

In this project, we propose a model of opinion dynamics based on confirmation biases.
We draw from existing assumptions for confirmation bias in opinion dynamics, and
categorise them into three behaviours: biased seeking, biased evaluation, and biased
assimilation and belief perseverance which are modelled as one. Given the probabilistic
and complex nature of some of these assumptions, we propose simplifications that allow
us to run simulations in more complex settings such as large social networks.

We first validate the low level dynamics of the opinion update rule by considering
the case where agents repeatedly make a single observation. We observe that biased
evaluation makes agents unresponsive to evidence differing with their opinions until
it is presented to them enough times. At that point, they will finally update their
opinion to match the information presented to them. On the other hand with biased
assimilation, agents are influenced by evidence presented to them from the beginning,
but the influence of conflicting evidence diminishes, and agents beliefs are able to
stabilize at a distance of the evidence being presented to them.

We then study the effects of biased evaluation and biased assimilation with agent
interactions in fully connected networks, finding that biased evaluation leads to opinion
clustering which increases with lower initial uncertainties for agents. The introduction
of biased assimilation leads to the emergence of diverse final opinions. When both
biases are present, clustering still emerges, but we observe diversity within clusters
(strong diversity) which is a rare yet desirable result in strongly connected networks.

In order to consider the effects of biased seeking, social networks more complex
than fully connected networks need to be considered. Thus, we study the effects of
biased seeking in Random graphs, Small-World networks and Scale-Free networks.
Interestingly, we find that preferential attachment (biased seeking) doesn’t always lead
to higher homophily. For instance, in Small-World networks, biased seeking increases
final disagreement between agents especially when the networks have high initial
clustering. We find that the intuitive effect of biased seeking, which is a decrease in
disagreement between neighboring agents, only arises when biased seeking is also at
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play, and is more noticeable for sparse networks.

When studying the effects of biases on polarisation, we find that no combination of
the introduced biases make the model polarising in itself. Instead, it is through the
introduction of extreme agents that we observe the emergence of polarisation, but only
when biased evaluation is present. Other than the fact that biased evaluation is at the
core of polarising dynamics, we find that the introduction of biased assimilation and
biased seeking leads to a novel polarising dynamic, where agents are polarised into two
distinct communities, but some disagreement is preserved within communities.

Finally, we find that our model based on confirmation biases can reproduce four ob-
served distributions of opinions: consensus, clustering, dissensus and polarisation in
real networks from social media platforms. Nevertheless, the number of extreme agents
required for the model to become polarising is very high and perhaps unrealistic.

5.2 Limitations

This project highlights interesting and desirable behaviours that can arise from ex-
tending probabilistic models of opinion dynamics, and by building on top of previous
assumptions. Nevertheless, there are many limitations that arise from the models ex-
tended, and from the assumptions needed to combine them. Furthermore, although
some qualitative validation of the model is proposed, this project suffers from a lack of
rigorous validation with data.

5.2.1 Deviations from Bayesian principles

The first limitation of this project is briefly presented in Section 4.1.2, and it is the fact
that the deviations from the Bayesian inference have undesired implications for the
meaning of the variables involved. Further, note that many assumptions are made in
order to extend the models to complex setting, such as: agents can observe other agents
actual opinion, agents take other agents opinions to be an observation of the underlying
variable, or agents take the reliability of their observations to be equal to their initial
uncertainty. Many of these assumptions can easily be contested. Thus, as we extend the
model to model complex setting and introduce more assumptions, it starts to resemble
Non-Bayesian models more and more, where the update rule becomes more arbitrary
and far removed from the baseline of rationality provided by Bayesian Inference.

5.2.2 Model complexity

Another notable limitation is that by introducing several different parameters for each
confirmationally biased behaviour, we end up with a model that is very complex.
Decisions have to be made about the values of the parameters λ,δ,ρ,σ0,η on top of
other things such as network structure. Thus, the wide range of behaviors displayed
by the model could simply be a product of its complexity, providing less insight into
human behavior.
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5.2.3 Lack of validation

Finally, the model is only validated through its ability to reproduce a range of qualitative
behaviours in real networks. A comparison of model predictions with data would be
important in order to compare and improve the model. Although this issue is common
to most of the filed of opinion dynamics, more and more attempts are being made for
introducing ways of validating and analyzing opinion formation models.

5.3 Suggestions for future work
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Appendix A

Problems with arrays as distributions

A.1

Any appendices, including any required ethics information, should be included after the
references.

Markers do not have to consider appendices. Make sure that your contributions are
made clear in the main body of the dissertation (within the page limit).
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Appendix B

Analytical solution for normal posterior

If you had human participants, include key information that they were given in an
appendix, and point to it from the ethics declaration.
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Appendix C

Evolution of beliefs while sampling
from the distribution

If you had human participants, include information about how consent was gathered
in an appendix, and point to it from the ethics declaration. This information is often a
copy of a consent form.

C.1 Interactions with truth related observations

Within the Bayesian framework of social learning, agents take other agents opinions
to be truth related. Thus, they assume agents are exposed to some signal related to the
truth and their shared opinion reflects these observations. Until this point, we have
only looked at agent interactions on their own without a source of information. The
emerging dynamics are simply a result of the nature of agents priors and the update
rule. This analysis is helpful to better understand the nature of the model and is widely
used in the field. Nevertheless, we now look at the more realistic scenario where agents
update their opinion based on both interactions with other agents and observations of
some truth related signal. More specifically, we are interested in which component of
confirmation bias has a greater effect on the ability of interacting agents to learn the
truth from a noisy signal.

At each time step, an agent will interact with another agent with probability of 0.5
and make an observation of S otherwise. Although there are certainly differences
between how people learn from others opinions and from observations (news, articles,
experiences), we will take both processes to be biased. Thus, agents will use the biased
update rule both when they are interacting with other agents and when they are making
an observation of S. Given the biased update with respect to S, we also consider a
scenario similar to the one studied in 4.1.1 where agents don’t interact and only receive
signals from S, but this time, they observe the signal with probability 0.5. We will
use this scenario as a baseline, to determine whether the ability to learn S is impacted
only by the biased observation of S or also by interacting with other agents in a biased
manner.
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The ability of agents to learn the truth can be captured by error metrics with respect
to the true source of information. We will use the mean squared error and the median
squared error as they give different insights into the distribution of agents errors. Figure
C.1 shows the evolution of these metrics for increasing values of the assimilation bais
parameter λ, and the evaluation bias parameter δ respectively. Unsurprisingly, for both
assimilation and evaluation, an increase in the bias leads to

(a) δ = 0, no agent interactions (b) λ = 0, no agent interactions

(c) δ = 0, with agent interactions (d) λ = 0, with agent interactions

Figure C.1: Evolution of errors between agents opinions and information source with
varying bias strengths, without (a, b) and with (c, d) agent interactions.

Figure C.2: Evolution of interacting agents mean beliefs on fully connected network, with
varying assimilation bias δ = 0.3
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Effects of network structure on
diversity
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