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Using Agent-Based Modelling to Evaluate the Impact of Algorithmic Curation
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Social media networks have drastically changed how people communicate and seek information. Due to the scale of information
on these platforms, newsfeed curation algorithms have been developed to sort through this information and curate what users see.
However, these algorithms are opaque and it is difficult to understand their impact on human communication flows. Some papers have
criticised newsfeed curation algorithms that, while promoting user engagement, heighten online polarization, misinformation, and
the formation of echo chambers. Agent-based modelling offers the opportunity to simulate the complex interactions between these
algorithms, what users see, and the propagation of information on social media. This paper uses agent-based modelling to compare
the impact of four different newsfeed curation algorithms on the spread of misinformation and polarization. This research has the
following contributions. (1) Implementing newsfeed curation algorithm logic on an agent-based model. (2) Comparing the impact of
different curation algorithm objectives on misinformation and polarization. (3) Calibration and empirical validation using real Twitter
data. This research provides useful insights into the impact of curation algorithms on how information propagates and on content
diversity on social media. Moreover, we show how agent-based modelling can reveal specific properties of curation algorithms, which
can be used in improving such algorithms.

CCS Concepts: • Mathematics of computing → Stochastic processes; • Computing methodologies → Modeling and simulation;
Distributed artificial intelligence.

Additional Key Words and Phrases: misinformation, filter bubbles, polarization, agent-based modelling, simulation, social media
networks
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1 INTRODUCTION

Social media has reshaped our relationship with communication and information sharing. The scale of social media
companies is unprecedented, Facebook was recorded to have 1.93 billion daily active users at the third quarter of 2021
[41]. Though misinformation and polarization are not new phenomena, the scale of social media has exacerbated these
issues. This can undermine democratic processes [20], public health policies [31] and trust in traditional media [27].
There is extensive research into countering misinformation on social media, much of which is focused on fake news
detection. Whilst this is an important approach, there are issues with accuracy, censorship and bias in what is detected.
Social media platforms cannot control who joins and what users post until they have already broken the community
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guidelines. What social media platforms can control is the recommendation algorithms they have developed to curate
users’ newsfeeds and influence what users see. These algorithms could be optimised for higher information quality,
minimising the spread of misinformation and reducing polarization. This paper introduces a novel approach that could
be used for such optimisations, based on real data.

It is challenging to understand the complex consequences of human interactions with digitized technologies [9]. The
newsfeed curation algorithms and social media users interact to form a complex socio-technical system in which human
communication flows are altered by the algorithm. There have been some existing studies into the impact of curation
algorithms on the formation of echo chambers and information quality. However, as many studies are conducted using
"puppet accounts" [5] they can only be carried out on a small scale with a limited number of users.

Agent-based modelling offers the opportunity to simulate and understand the complex interactions between users,
algorithms and flows of information on social media. These benefit from the ability to model a high number of agents,
for this research 𝑁 = 1, 000, and to compare the impact across different curation algorithms. This paper will use an
agent-based model of Twitter to compare the impact of four different newsfeed curation algorithms on the propagation
of information, echo chamber formation and polarization.

ResearchQuestions

Our study is intended to address the following questions.

(1) What impact do curation algorithms have on the spread of information on social media?
(2) What impact do curation algorithms have on the formation of echo chambers and polarization on social media?
(3) What is the relationship between the content diversity of users’ newsfeeds and the propagation of misinforma-

tion?

The first research question will be answered through quantitatively measuring the difference in the propagation of a
tweet, using number of (re)tweets per timestep, through the simulated network across four different newsfeed curation
algorithms. The second research question will be answered by comparing the belief purity of the agents’ newsfeeds
on the simulated network between the four algorithms. Belief purity provides a measure of reduced content diversity,
which can lead to polarization and echo chamber formation. The final question will be investigated by comparing both
the measured tweet propagation of the false story and the belief purity of the agents’ newsfeeds for each of the four
curation algorithms. Further discussions concerning these questions can be found in Section 6.

Contributions

This research builds on work by Gausen et al. [17] that uses agent-based modelling to evaluate misinformation
countermeasures on social media. This paper extends the agent-based model to include logic to capture a newsfeed
curation algorithm and it measures additional social metrics to capture polarization and echo chamber formation. These
extensions enable the model to be used to evaluate the social impact of different newsfeed curation algorithms and to
address the research questions outlined above. This research has the following novel contributions:

(1) Developing an agent-based model of Twitter to compare newsfeed curation algorithms in terms of filter bubble
formation and the spread of misinformation.

(2) Implementing four curation algorithms with different objectives in the logic of the agent-based model: chrono-
logical, shared-beliefs, random and popularity.
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(3) Calibrating and empirically validating the model using Twitter cascades of both false and non-false stories
which spread with a chronological newsfeed.

The results of this study have produced new insights into the impact of different newsfeed curation algorithm objectives.
The results highlight that, without accounting for human cognitive biases or selective exposure, simply varying the
objective of the newsfeed curation algorithm has a significant impact of the spread of information and echo chamber
formation. It has shown that belief-based and popularity-based newsfeed curation algorithms lead to considerable
increases in tweets shared compared to a chronological newsfeed. In the case of false news or misinformation this
will lead to an amplification of the spread, which could be damaging. In addition, it shows that a belief-based curation
algorithm can lead to a 30-60% increase in belief purity of an user’s newsfeed, which can have implications for
echo chamber formation and online polarization. The results of this paper do not exhibit a consistent relationship
between the average belief purity of agents’ newsfeeds and the spread of misinformation. However, in this analysis the
misinformation case-study is not associated with a particular belief and is based on popular-culture. Future work could
analyse the relationship between belief-based misinformation and echo chamber formation or polarization, such as
partisan misinformation.

Paper Organisation

The remainder of this paper is structured as follows: Section 2 analyses existing work related to newsfeed curation
on social media and the application of agent-based modelling to social networks. Section 3 provides a description of
the agent-based model, the implementation of the curation algorithms and outlines the model assumptions. Section 4
describes the methodology for calibrating, validating and simulating the model, including the datasets used. Section
5 presents the results of the simulations. These are discussed in Section 6 in relation to the three research questions
posed above. Finally, Section 7 summarises the findings and outlines avenues for future work.

2 BACKGROUND AND RELATEDWORK

This section will review existing literature on the topics of social media newsfeed curation algorithms, existing
approaches to auditing these algorithms and agent-based model of social media networks.

2.1 Curation Algorithms

Newsfeed curation algorithms have been developed to sort through the vast amounts of information on social media
platforms. Users are physically unable to view everything so, according to Twitter, the algorithms aim to curate the
information "to feature compelling, original, and diverse content" [44]. There has been some criticism that the algorithms
lead to increased polarization by recommending tweets that are most aligned with user beliefs. “Despite optimistic
talk about ‘collective intelligence,’ the Web has helped create an echo chamber where misinformation thrives" [42].
However, there is mixed evidence for this. Dylko et al. [14] found empirical evidence that customisable technologies
increased political polarization through selective exposure. Whilst Cinelli et al. [10] found that individual choices still
play a significant role. Howard et al. argue that solutions like "introducing random news stories and ensuring exposure
to high quality information would be a simple — and healthy — algorithmic adjustment to social media platforms" [19].

Whilst curation algorithms often find criticism for their supposed role in polarization, echo chamber formation and
misinformation; there are a number of papers exploring how these algorithms could be programmed to be societally
beneficial. Helberger et al [18] propose using exposure diversity as a design principle for recommender systems. The
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EU High Level Group on Media Freedom and Pluralism [34] says that "increasing filtering mechanisms makes it more
likely for people to only get news on subjects they are interested in, and with the perspective they identify with." The
paper warns that this could have a "negative impact on democracy" [34]. However, it suggests that "diversity-sensitive
design" [34] and approaches that benefit "normative, social objectives" [34] over corporate preference could be beneficial.
Similarly, Bozdag et al. [7] compare different software designs to try to prevent echo chambers. Another important
consideration they highlight is how social norms are embedded in these tools. Currin et al. [12] explore the use of a
random dynamical nudge to increase the diversity of content users see.

2.2 Auditing Curation Algorithms

Social media newsfeed curation algorithms are under increased scrutiny as they control how information propagates
online. The details of how these algorithms are programmed is very opaque. There have been a number of different
approaches to auditing these algorithms.

Two studies have tried to audit the algorithms using "puppet accounts" to provide improved understanding of the
impact they have on the information users see [5] [6]. Bandy et al. [5] found that the curation algorithm, when compared
to a chronological newsfeed, resulted in an increase in unique accounts and partisan echo chambers and a decrease in
dominance of accounts with high number of followers and exposure to links. Barltey et al. [6] found that the curation
algorithm showed more popular and less recent tweets compared to a chronological timeline. Koumchatzky et al. [23]
provide additional details on what is involved in Twitter’s deep learning curation algorithms. These studies provide
interesting information about the impact the algorithm has on what appears on users’ newsfeeds. However, they are
only carried out with a small number of users and are unable to provide information on the impact these algorithms
have on how information propagates across the network.

Other papers have proposed frameworks that map out stakeholder interests and ethics-oriented metrics [8]. However,
these frameworks only offer static and qualitative evaluations and do not cover the social metrics proposed in this
paper. Mozilla designed an audit of the YouTube recommendation algorithm that leveraged crowdsourced complaints.
However, this relies on user engagement and there may be biases in who reports and what is reported [30].

From this review, it is evident that, despite efforts, it is very challenging to understand the objectives of the curation
algorithms used by social media companies and equally challenging to understand the impact of these algorithms. This
paper will be novel in its use of agent-based models to simulate and compare the impact of curation algorithms with
different objectives on both the spread of information and content diversity. Unlike the auditing approaches described
above, agent-based modelling enables dynamic, long-term analysis and scenario-testing with large populations of
agents.

2.3 Agent-based Models of Social Networks

Agent-based models (ABMs), or artificial societies, are a way to model populations of individuals. The behaviour of each
agent is controlled by a set of rules, which are often simple at the agent level but when combined can capture more
complex phenomenon, known as emergent behaviour [25]. In the literature there are some existing ABMs modelling
the spread of misinformation and echo chambers on social networks. Misinformation is a complex term to define but it
is used to encompass "harmful, false and/or misleading information online" [35]. Echo chambers describe the scenario
where individuals are surrounded by information that is aligned with their own beliefs or opinions [2].

This section will review related works in regard to five questions to identify a gap in existing literature. The questions
are specific to the proposed model in this paper and offer an extension to the review in [17]. These are: (1) Does the
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ABM model misinformation? (2) Is the ABM of a social media network? (3) Does the analysis use real social media
data for calibration and validation? (4) Does the ABM model agent beliefs? (5) Does the ABM model newsfeed curation
algorithms? The review can be seen in Table 1. A model that fulfills all five of these review questions is required to
address the research questions in Section 1.

Table 1. Review of Related Works

Related Works Q1 Q2 Q3 Q4 Q5
Alvarez-Galvez [2016] Y

Fan et al. [2018] Y
Fränken and Pilditch [2020] Y Y Y

Jin et al. [2013] Y Y Y
Kaligotla et al. [2016] Y Y Y

Kozitsin and Chkhartishvili [2020] Y Y Y
Madsen et al. [2018] Y Y

Onuchowska and Berndt [2020] Y Y
Sathanur et al. [2015] Y Y

Serrano and Iglesias [2016] Y Y Y
Tang et al. [2014] Y
Proposed Model Y Y Y Y Y

This review of related work highlights the diversity in the types of ABMs that have been developed in this field.
There are a number of different taxonomies of agents that have been employed. In addition, there are a variety of
mechanisms that have been developed for agents to communicate and different phenomena being measured. A large
number of the reviewed papers, such as Serrano et al. [37], focus on modelling misinformation. Fewer papers tackle
agent beliefs and echo chamber formation. Madsen et al. [29] show that large networks of rational agents, meaning
agents with no cognitive biases, will still result in the formation of echo chambers. A similar paper by Franken et al. [16]
also found ABMs could capture the formation of echo chambers with information cascades, by comparing social and
asocial agents. Kozitsin et al. [24] is the only reviewed paper that examines the relationship between recommendation
algorithms and echo chamber formation. However without grounding in real data or a significant population size
(𝑁 = 50), it cannot provide a convincing analysis of the relationship.

From this review, it is clear that there is a gap in existing literature which is bridged by this paper: an ABM to
model the relationship between curation algorithms, agent beliefs and misinformation on social networks, which is
calibrated with real social media data and is empirically validated. The proposed model will be novel in addressing all
five questions shown in Table 1. In addition, it will have the ability to compare and evaluate the impact of multiple
newsfeed curation algorithms on both belief purity of agents’ newsfeeds and information diffusion, which has not been
seen in existing literature.

3 PROPOSED MODEL

This section describes themodel proposed by this paper. It contains a detailed description of the ABM, the implementation
of the curation algorithms and justifications for the model assumptions.

5
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3.1 Model Description

The model proposed in this paper is an ABM based on Twitter where the agents represent social media users, the
connections between agents represent a follower/followee relationship, and agents can see information captured by
tweets, shared by their neighbours. The information the users see is controlled by a newsfeed curation algorithm, which
is programmed with four different and independently implemented objectives. The model is inspired by epidemiology
modelling based on the conceptual similarity between how misinformation spreads across a social network and how a
disease spreads through a population [21] [32]. Due to the scale and pace that misinformation can spread online, it is
helpful to model misinformation in a similar way to a viral pathogen [45].

Figure 1 illustrates how the ABM is programmed. The proposed ABMmodels three related aspects of a social network:
the newsfeed curation algorithm, the spread of information and polarization or echo chamber formation. The newsfeed
curation algorithm logic represented by "get curated newsfeed" in Figure 1. The spread of information is represented
by the "tweet" and "retweet" functionality in the figure. Finally, the echo chamber formation is captured when the
model "updates state and beliefs" of the agents and calculates belief purity in the "agent reporter". More details on the
modelling and measurement of echo chamber formation can be found in Section 3.2 on belief modelling and Section
4.2 on the belief purity metric. The network has a Barabasi-Albert network structure [47]. The model has four agent
states in relation to the story being studied: susceptible (agents who are susceptible to the story), believe (agents who
have seen and believe the story), deny (agents who have seen and not believed the story) and cured (agents who had
previously believed the story but no longer do). These agent states have been used in existing literature [17].

To initialise the model: the population, average number of followers/followees and curation objective are set. Then
the agents are generated, including the connections to their neighbours, their state and their initial beliefs, which are
sampled between 0 and 1. Each agent has the following attributes: followers/followees, time of most recent post, retweet
number, beliefs, whether their account is verified and number of tweets they have posted about the story of interest.

At each timestep, the agent will sample a probability to determine if they are online. If they are online, they sample
probabilities to determine whether they post a tweet and whether they read 𝑁𝑝𝑜𝑠𝑡𝑠 tweets from their newsfeed and
potentially retweet. If they post a tweet, this tweet will be based on their current state. If the agent views their newsfeed,
they will read the top 𝑁𝑝𝑜𝑠𝑡𝑠 tweets, where 𝑁𝑝𝑜𝑠𝑡𝑠 is sampled each time. The way in which the 𝑁𝑝𝑜𝑠𝑡𝑠 tweets are
chosen out of all of their neighbours’ tweets will based on the specified newsfeed curation objective logic. The content
of the tweets viewed in the agents’ newsfeed can be retweeted and integrated into the agent’s beliefs. This logic is only
analysed for agents who are susceptible to the story. For agents who believe and have tweeted about the story, there is
a probability they may later reject this belief or stop sharing the story. If an user is verified, they have greater influence
meaning the the probability of others sharing their tweets is higher. At the end of each timestep, the agent reporter
records a set of metrics which are tracked through the duration of the simulation, as seen in Figure 1.

The behaviour of this model is controlled by a set of probabilities, which are seen in Figure 1: (1) Mean probability that
the agent is online 𝑃𝑜𝑛𝑙𝑖𝑛𝑒 . (2) Mean probability that the agent reshares information they have seen on their newsfeed
𝑃𝑟𝑒𝑠ℎ𝑎𝑟𝑒 . (3) Mean probability that the agent rejects their previously held beliefs or stop sharing tweets about them
𝑃𝑟𝑒 𝑗𝑒𝑐𝑡 . The behaviour is also controlled by the standard deviation of these probability distributions that each agent
samples from. The mean and standard deviation of the distributions of each probability are found through calibration
with real Twitter datasets, discussed in Section 4.3. Other network level values such as population size, average node
degree, proportion initially infected, proportion of verified users and average number of posts seen are taken from
analysis of real data on both false and non-false stories, see Section 4.5 for more details.
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Fig. 1. Diagram describing Proposed Model logic.

3.2 Belief Modelling

The model is populated with Bayesian agents. The agents’ beliefs are influenced by the information they see from
their neighbours through Bayesian belief updating, meaning that there is information integration and their beliefs are
updated without cognitive bias [29]. Bayesian belief updating is applied using Bayes Theorem [1]. So 𝑃 (𝐻 |𝐸), which is
the probability of an agents own beliefs given the new evidence, is calculated as:

𝑃 (𝐻 |𝐸) = 𝑃 (𝐻 ) ∗ 𝑃 (𝐸 |𝐻 )/𝑃 (𝐸) (1)
7
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where 𝑃 (𝐻 ) is the agents’ prior belief and 𝑃 (𝐸) is the probability that evidence occurs irrespective of an agents’ own
beliefs. This is calculated as:

𝑃 (𝐸) = 1
𝜎𝑇 ∗

√
2𝜋

∗ 𝑒
(𝑋−𝜇𝑇 )2

2𝜎2
𝑇 (2)

where 𝜎𝑇 and 𝜇𝑇 are the standard deviation and mean of the true distribution and 𝑋 is a piece of new evidence seen by
the agent. This evidence 𝑋 is the belief of a neighbouring agent, where 0 ⩽ 𝑋 ⩽ 1. Then 𝑃 (𝐸 |𝐻 ), the probability of the
evidence considering the agents’ own beliefs, is calculated as:

𝑃 (𝐸 |𝐻 ) = 1
𝜎𝐴 ∗

√
2𝜋

∗ 𝑒
(𝑋−𝜇𝐴 )2

2𝜎2
𝐴 (3)

where 𝜎𝐴 and 𝜇𝐴 are the standard deviation and mean of the agents own belief distribution.

3.3 Curation Algorithm Implementation

This proposed model is novel as it attempts to simulate the curation algorithms that sort users’ newsfeeds. The curation
algorithms control which of its neighbours’ posts an agent sees. As mentioned earlier the number of posts 𝑁𝑝𝑜𝑠𝑡𝑠 is
sampled from a distribution with a mean 𝑁𝑝𝑜𝑠𝑡𝑠 and a standard deviation 𝑁𝑝𝑜𝑠𝑡𝑠/2, where the value of 𝑁𝑝𝑜𝑠𝑡𝑠 comes
from analysis of user activity on Twitter [4] discussed in Section 4.5. There are four control algorithm objectives
compared in this paper:

(1) Chronological: this means the agent sees the most recent 𝑁𝑝𝑜𝑠𝑡𝑠 tweets posted by its neighbours, this is given
by the agent attribute: time of most recent post.

(2) Beliefs: this means the agent sees the 𝑁𝑝𝑜𝑠𝑡𝑠 tweets from its neighbours with the most similar beliefs, which
could be a proxy for interest. Beliefs are given by the agent attribute: current beliefs.

(3) Popularity: this means the agent sees themost popular𝑁𝑝𝑜𝑠𝑡𝑠 tweets from its neighbours. Popularity is calculated
by accounting for the number of retweets of that tweet and the number of followers the neighbour has.

(4) Random: this means that the agents sees a random group of 𝑁𝑝𝑜𝑠𝑡𝑠 tweets posted by its neighbours.

Each of these curation algorithms are applied independently and will be uniform for all agents in the network for a
given simulation. This is a simplification of actual recommendation algorithms, which are driven by multiple objectives.
The algorithms will most likely curate tweets based on how new, popular and aligned with the user’s interests they
are. However, due to the opaqueness of these algorithms it is not possible to directly approximate their behaviour. So
this study will treat each objective independently to provide an understanding of the impact each has on information
cascades and newsfeed content diversity.

3.4 Model Assumptions

ABMs provide a simplified approximation of the real population they are modelling. The proposed model in this research
contains the following assumptions:

• Connections between agents are kept constant for the duration of the simulation.
• Bayesian agents on a Barabasi-Albert Network.
• The tweets being analysed are not aligned to a belief.
• False and non-false stories travel with the same logic.
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The simplification of a constant network structure and the choice of Bayesian agents are seen as appropriate for the
analysis in this paper due to the short time duration and the focus of the analysis. This paper is trying to evaluate the
impact of changing the objective of the newsfeed curation algorithm; by maintaining the connection between nodes
and having agents with no cognitive biases means these additional layers of complexity do not interfere with the results.
The decision not to align the tweets (i.e. the infected tweet) with a belief was made because often this relationship is
assumed due to a US-centric focus where partisanship and misinformation have been seen to be correlated [13]. For the
analysis presented in the body of this paper, the two case-studies analysed are related to popular culture and are not
aligned with belief. Keeping tweets separate from belief makes the analysis more globally applicable however in some
cases this will be a limitation. Finally, the parameter values and probability distributions that control the propagation
structures of the tweets are what differentiate between false and non-false tweets. A number of existing papers, most
notably from Vosoughi et al [46], have shown that there are distinct differences in the propagation structures of false
and true news.

4 METHODOLOGY

This section describes the methodology used to calibrate, validate and run the proposed model for the experimental
results. The proposed model was calibrated and empirically validated with real Twitter data on one false and one
non-false case-study. Then it was run for each newsfeed curation objective across 5 simulations and the results were
compared. The two metrics measured and compared for each story were the average and standard deviation of the
proportion of posts about the story and the belief purity of the agents’ newsfeeds over the simulations.

4.1 Simulation

For each set of results the ABM was parameterised with the fixed model parameter values in Table 2. This table provides
the parameter values used across both runs and the parameters that are specific to each case-study. The population size
was chosen as it is large enough to capture the values of the proportion of tweets per a timestep Φ (Equation 4) seen
in the real data. For example, a population of 100 agents would not be able to produce Φ < 1 and would therefore be
unable to capture the behaviour seen in the real world data. It should be noted that the simulated population size of
𝑁𝑎𝑔𝑒𝑛𝑡𝑠 = 1, 000 is not realistic and future work into accelerating ABMs could enable a more realistic population size
to be modelled. The choice of 𝑁𝑝𝑜𝑠𝑡𝑠 is justified in Section 4.5. The story-specific parameters: the proportion of users
initially sharing the tweet of interest, and the total number of timesteps, in hours, were calculated from the real dataset
[28], also discussed in Section 4.5. The model was calibrated for each story in the real dataset [28]. The model was
calibrated to provide the mean probability values and their standard deviation, presented in Table 3. The calibration
process is discussed in detail in Section 4.3.

For each story the model is run with the parameters in Table 2 and the calibrated probabilities in Table 3 for 5
simulations for each of the four curation algorithm objectives. Justification for the choice of the number of simulations
can be found in Appendix A. For each simulation, the proportion of tweets about the story and average belief purity
were recorded at each timestep. The proportion of tweets shared about the story at each timestep provides a measure
of the spread of the information and, in the case of the false story, the misinformation. The proportion of tweets Φ is
calculated as:

Φ =
𝑁𝑡𝑤𝑒𝑒𝑡𝑠

𝑁𝑎𝑔𝑒𝑛𝑡𝑠
(4)
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Table 2. Model Parameter Values: the fixed values provided to the ABM

Run Parameters Values
Both 𝑁𝑎𝑔𝑒𝑛𝑡𝑠 1000

𝑁𝑓 𝑜𝑙𝑙𝑜𝑤𝑒𝑟𝑠 100
𝑁𝑝𝑜𝑠𝑡𝑠 40
𝑁𝑠𝑖𝑚𝑠 5

False Initially Inf 0.7
Timesteps 80

Non-False Initially Inf 0.5
Timesteps 40

Table 3. Calibrated Parameter Values: the calibrated mean of the probabilities that are sampled during the ABM

Probabilities False Story Non-False Story
𝑃𝑟𝑒𝑠ℎ𝑎𝑟𝑒 0.03669678 0.0770166
𝑃𝑟𝑒 𝑗𝑒𝑐𝑡 0.01459229 0.06335449
𝑃𝑜𝑛𝑙𝑖𝑛𝑒 0.10714111 0.06335449

where 𝑁𝑡𝑤𝑒𝑒𝑡𝑠 is the number of tweets posted about the story in each timestep and 𝑁𝑎𝑔𝑒𝑛𝑡𝑠 is a proxy for the population
in the simulated or real data, depending on the calculation. For the real data, the population proxy was calculated by
multiplying the ratio between the simulated population and the simulation average node degree by the average number
of followers in the real world data. The proportion of tweets about the story provides a way of scaling the number of
tweets between the real-world data and the simulated data. This adjustment is required as in the real-world data, the
number of users and number of connections is far greater than in the ABM.

4.2 Belief Purity

The belief purity (𝜖) is a measure of the similarity in beliefs between an agent and the posts on their curated newsfeed.
The belief purity of an agent’s newsfeed is the sum of the difference in beliefs between the agent and each neighbour
on their newsfeed, over the total number of neighbours on their newsfeed, given by:

𝜖 = 1 −
∑𝑁𝑝𝑜𝑠𝑡𝑠

0 Δ

𝑁𝑝𝑜𝑠𝑡𝑠
(5)

where 𝑁𝑝𝑜𝑠𝑡𝑠 is number of posts and Δ is the difference between an agents own beliefs and the belief of the tweet they
are viewing. This is calculated as:

Δ = |𝑃 (𝐻 )𝑎𝑔𝑒𝑛𝑡 − 𝑃 (𝐻 )𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟 | (6)

where 𝑃 (𝐻 )𝑎𝑔𝑒𝑛𝑡 is the agents current belief and 𝑃 (𝐻 )𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟 is the neighbour’s current belief. This is a measure of
potential for echo chamber formation and polarization through belief purification. This metric is used as a proxy for
the echo chamber effect. Echo chambers are often characterised by two attributes, firstly homophily of the network and
secondly bias towards similar agents in information diffusion [11]. The metric of belief purity does not account for this
second attribute. Future work could try to estimate this metric as part of the evaluation of echo chamber formation.
The higher the belief purity of an agent’s newsfeed, the greater the echo chamber effect.
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For the full set of simulations, the average and standard deviation of the belief purity over the time period were
plotted. These results where plotted for each newsfeed curation algorithm and can be found in Section 5.

4.3 Calibration and Validation

The behaviour of the model is controlled by three probabilities: mean probability of re-sharing content, mean probability
of rejecting content and mean probability of being online. In addition to these probabilities is their standard deviation.
These parameters are calibrated to simulate the behaviour of real-world data using a combination of a machine learning
surrogate and optimised parameter choice. The machine learning surrogate [26] enables a broad parameter space to be
explored with lower computational cost. Then the parameter selection is further refined by finding the choice that
minimises the mean-square error (MSE) between the simulation output and the real-world values of Φ.

Fig. 2. Graph comparing the output of the proposed model with chronological newsfeed (red) to social media dataset (black) for the
false tweet. The crosses represent the real data points and the dots represent the ABM output. The RMSE is 0.18 and NRSME 0.25.

The chronological curation objective was used for the baseline ABM for calibration. This is a valid baseline, as at the
time the two case-studies were posted Twitter had a chronological newsfeed. Comparing the output of the calibrated
model to the Twitter data-points enables one to measure how well the model captures the real user behaviour, as seen
in Figure 2. This enables validation of the assumptions and simplifications built into the model. To quantify this, the
root-mean-square-error (RMSE) and normalised root-mean-square-error (NRMSE) are calculated.

𝑁𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

Φ𝑚𝑎𝑥 − Φ𝑚𝑖𝑛
(7)

where Φ𝑚𝑎𝑥 and Φ𝑚𝑖𝑛 are the maximum and minimum of the proportion of tweets across all time steps in a simulation.
Once the model has been empirically validated with the baseline setting of a chronological newsfeed, each of the

other newsfeed curation objectives can be applied independently with the same calibrated parameter values and their
output is compared. These results are presented in Section 5.
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4.4 Case-Studies

Each ABM model represents a case-study and the parameters are tuned to match the behaviour in that case-study. This
approach is commonplace in existing ABM literature [37] [21]. Additional case-studies provide additional examples
for comparison but they do not enrich the calibration or validation processes, which are case-study dependent. The
results therefore only reflect the impact of a given case study and are not expected to be understood as representing all
examples of true or fake news. A potential future avenue would be to look at average propagation patterns of true and
fake news and set the ABM parameters to these average values. This could enable analysis on a characterisation of the
propagation of a false tweet. The case-studies in this paper were chosen due to the data coverage, number of tweets,
timings of posting and fact-checked labels; more information is provided in Section 4.5. An additional case-study is
presented in Appendix B for comparison and to confirm that it supports the findings presented in this paper.

4.5 Data

Three different data sources were required to initialise, calibrate and empirically validate the proposed model. The most
important pieces of data required to calibrate and empirically validate the model were the cascades of two tweets on
Twitter, one false and one non-false. These tweets had to be posted when Twitter had a strictly chronological newsfeed,
before 2016, so that the model could be calibrated with a chronological newsfeed as the baseline. The dataset used for
this was from Ma et al [28]. Two tweets about popular culture were chosen as case-studies for this analysis, however
there is scope to analyse further stories as future work to understand if the conclusions hold. The false tweet is: "tupac
was hiding for 18 years URL" and the non-rumour tweet is: "justin bieber must be loving himself right now...". For each
tweet the dataset maps the user and retweet structure through time.

Some additional datasets were required to initialise some of the model parameters. Firstly, an understanding of retweet
activity for verified users compared to non-verified users was required. This was calculated from the FakeNewsNet
dataset [38] [40] [39] based on the activity of 123,050 true and 67,877 false tweets. Secondly, user activity data were
used to estimate the number of posts users view when online. Inspired by the logic in [4], in this model the average
number of posts viewed by a user was 40 posts as this is the number that users are most likely to engage with.

5 RESULTS

This section shows the results of the simulation runs for the false and non-false case-studies. Tables 4 and 5 show the
average change in three metrics compared to the chronological simulation run.

Table 4. Results for False Case-Study

Curation
Objective

Change in
Φ𝑎𝑣𝑔

Change in
Φ𝑚𝑎𝑥

Change in
Belief Purity

Time 0.00 0.00 0.00
Popularity 6.04 1.11 -0.10
Beliefs 1.42 0.11 0.32
Random -0.04 0.00 -0.07

These metrics are the change in the mean proportion of tweets about the story Φ𝑎𝑣𝑔 , the maximum proportion of tweets
about the story Φ𝑚𝑎𝑥 and the mean change in belief purity 𝜖 over the simulation. These are calculated as the difference
between the chosen objective value and the chronological value, over the chronological value for that metric.
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Table 5. Results for Non-False Case-Study

Curation
Objective

Change in
Φ𝑎𝑣𝑔

Change in
Φ𝑚𝑎𝑥

Change in
Belief Purity

Time 0.00 0.00 0.00
Popularity 6.15 2.44 -0.35
Beliefs 0.63 0.10 0.58
Random -0.37 -0.37 0.01

Figures 3 and 5 show the plots of the mean and standard deviation of the proportion of posts per timestep on the
story of interest, across 5 simulations. These graphs compare the propagation of the story through the network for
each of the four curation algorithms. The graph has timesteps on the x-axis and proportion of tweets about the story Φ

posted in each timestep on the y-axis. On the graph, the points represent the real social-media data points from [28]
and the solid line represent a polynomial fit for those real data points. The dotted lines on the graphs represent the
polynomial fit for the mean simulation output and the shaded region represents the standard deviation across the runs.
Figures 4 and 6 show plots of the mean and standard deviation of how the belief purity changed over the duration of
the simulation, across 5 runs, for each of the four curation algorithms. The dashed line is the mean and the shaded
region shows the standard deviation.

6 DISCUSSION

The results in Section 5 present how varying the objective of the newsfeed curation algorithm on a social network
can impact both the spread of information and the diversity of content on a user’s newsfeed. This has repercussions
for the spread of misinformation, echo chamber formation and online polarisation. This was investigated through the
development of an ABM based on Twitter and two case-studies of false and non-false tweets propagating on Twitter.
The models were run with four different curation algorithm objectives and their behaviour was compared. Tables 4 and
5 show the comparison between the ABM results for each curation algorithm through a set of metrics. The following
sections will discuss these results in relation to the three research questions raised in Section 1.

1. What impact do curation algorithms have on the spread of information on social media?

The first question this research poses is what impact do newsfeed curation algorithms have on the propagation of
information, particularly misinformation, on social media networks. The propagation of information is quantified by
measuring the proportion of tweets or retweets Φ about the chosen story in each timestep. In the case of the false story,
this measures the propagation of misinformation. Figure 3 and 5 show graphically how the propagation of information
changes for each newsfeed curation algorithm and will be discussed in more detail below.

The first set of results shown in Figure 3 show the propagation of a real false tweet about Tupac [28] (solid line)
and compares it to the simulated propagation of the same tweet with different curation objectives (dashed line). The
shaded region shows the standard deviation of the simulation results across each of the five runs. Figure 3 (a) shows the
comparison between the real-world data and the simulated data with a chronological newsfeed. This is the calibrated
baseline as the users in the data were experiencing a chronological newsfeed. The other three results, Figure 3 (b)-
(d) compare the real-world propagation of the Tupac tweet (which had a chronological newsfeed) to the simulated
propagation of the tweet with other curation objectives.
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(a) Chronological Curation (b) Belief-Based Curation

(c) Random Curation (d) Popularity-Based Curation

Fig. 3. Figures (a)-(d) show the output of the ABM simulation for the false story about Tupac [28].

This presents interesting insights into how varying the objective of the curation algorithm can impact how a tweet
spreads through the network. With a belief-based curation objective, the propagation of the tweets increases with every
timestep. Whilst with the chronological newsfeed the number of tweets start to decrease after around 10 timesteps.
This results in an overall increase of 142% in the number of tweets shared compared to a chronological newsfeed. This
same behaviour is seen with the popularity-based curation but with an even steeper increase, it leads to a 604% increase
in tweets shared about the story compared to a chronological newsfeed. In contrast, the model with a randomly curated
newsfeed reduces the number of posts about the story by 4%.

The results in Figure 5 compare the propagation of a real-world non-false tweet about Justin Bieber [28] (solid line)
to the simulated propagation of the tweet from the ABM with different curation objectives (dashed line). Similarly
to the propagation of the false tweet, these results show that a belief-based or popularity-based newsfeed curation
algorithm cause the number of tweets on the topic to increase every timestep, unlike a chronological newsfeed. The
popularity-based curation algorithm leads to 615% more and the belief-based leads to 63% more tweets shared about the
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(a) Chronological Curation (b) Belief-Based Curation

(c) Random Curation (d) Popularity-Based Curation

Fig. 4. Figures (a)-(d) show the change in belief purity of an agent’s newsfeed for each curation objective for the false story.

story compared to a chronological newsfeed. Again, similarly the results show that the randomly curated newsfeed
leads to a decrease of 37% in the number of tweets posted on the topic over the time period.

The two sets of results, in Figure 3 and 5, provide some interesting insights into the effects of and potential motivations
for different types of curation algorithms. Most social media platforms have decided to move from a chronological
newsfeed, also known as a timeline, to a curated newsfeed generated by a recommendation algorithm. This algorithm
curates the newsfeed based on a set of objectives which include choosing posts the user will be most interested in
(belief-based), timely posts (time-based) and posts that have a high-level of engagement (popularity-based). The results
of the model support why social media companies would be incentivised to move to curated newsfeeds, as for both
stories, moving to a belief-based or popularity-based curation algorithm results in a significant increase in engagement
and tweets. For some news stories, such as the non-rumour about Justin Bieber, this algorithmic amplification is
harmless. However, in cases where the news is false and potentially harmful, amplification of the content can be
damaging. The results of the randomly curated newsfeed shows that when there is no underlying objective in how
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(a) Chronological Curation (b) Belief-Based Curation

(c) Random Curation (d) Popularity-Based Curation

Fig. 5. Figures (a)-(d) show the output of the ABM simulation for the non-false story about Bieber [28].

certain tweets are being promoted, there is a reduction in posts about that story. This supports the suggestion that
using random dynamical nudges could improve information quality by preventing algorithmic amplification [12]. To
conclude, these results show that the chosen objective of the newsfeed curation algorithm significantly impacts how
information, and misinformation, spread through the network. Decisions about how newsfeed curation algorithms are
encoded should be explicit and balance the motivation for user engagement with considerations of information quality.

2. What impact do curation algorithms have on the formation of echo chambers and polarization on social
media?

The second research question aims to understand the impact that different curation algorithm objectives have on the
formation of echo chambers and polarization on a social network. This analysis focuses on the belief purity of the
tweets that users see on their newsfeed. Belief purity of users’ newsfeed is used as a measure to quantify potential for
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(a) Chronological Curation (b) Belief-Based Curation

(c) Random Curation (d) Popularity-Based Curation

Fig. 6. Figures (a)-(d) show the change in belief purity of an agent’s newsfeed for each curation objective for the non-false story.

echo chamber formation and polarization. The equation for belief purity can be found in Section 4. Figures 4 and 6 plot
the mean and standard deviation of average user belief purity for each time step across 5 simulations.

The results in Figure 4 and Figure 6 present the impact that newsfeed curation algorithms have on belief purity on
the social network. Intuitively, the results show that when users’ newsfeeds are curated based on shared-beliefs the
belief purity of their newsfeeds increase with time, as seen in Figure 4 (b). The standard deviation of this increase is far
greater than for the other three curation algorithms. This shows that if algorithms curate users’ newsfeed to show them
tweets aligned with their own beliefs, the belief purity of what they see will increase and therefore content diversity
will decrease. This has repercussions in terms of echo chamber formation and polarization.
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3. What is the relationship between the content diversity of users’ newsfeeds and the propagation of
misinformation?

Finally, this research aims to identify whether there is a relationship between the lack of content diversity on users’
newsfeeds, which can lead to echo chambers and polarization, and the spread of misinformation. This question will be
explored by analysing the results of the false story shown in Figure 3 and Figure 4.

In the case of the belief-based curation algorithm, there is a positive correlation between increased belief purity of
users’ newsfeeds and an increase in the spread of misinformation with time. In comparison to a chronological newsfeed
these increases were measured at 142% and 32% respectively. The random curation algorithm results in the same
correlation; it causes a reduction of 7% in the belief purity of agents’ newsfeeds and a reduction of 4% in the propagation
of the misinformation, on average, when compared to the chronological newsfeed. However, this relationship is not
identified for the popularity-based curation algorithm. In this case, the algorithm results in a 10% decrease in the mean
belief purity of the agents’ newsfeed with a 604% increase in the spread of the false tweet. Overall, these findings do not
find a consistent relationship between misinformation and content diversity. This indicates that high belief purity of
newsfeeds does not directly lead to amplification of misinformation on a network. However, these findings could be
different in a model where the story is aligned to a belief. Carrying out this analysis for cases of political or ideological
misinformation would be an interesting avenue for future work.

Limitations

Whilst discussing the results, it is worth highlighting the limitations of the proposed model. Firstly, the results and
discussion presented in the body of this paper have only been applied to two case-studies. The results presented in
Section 5 cannot be generalised to all true and false news stories. Secondly, the population size is not realistic, the
simulation was carried out on a population size of 𝑁 = 1000. Additionally, there are limitations in the validation.
The proposed model was empirically validated using real Twitter data. This level of validation exceeds most related
works, see Section 2, however implementing formal verification would increase confidence in the model output. Finally,
the proposed approach has not been used in auditing multi-objective curation algorithms. The ability to combine
curation objectives would enable more advanced analysis through a simple extension of the current model. This could
be achieved by weighting different curation objectives and identifying the optimum set of weights that achieve these
goals. These limitations could be addressed by future work.

Summary

The results of this research highlight the impact of newsfeed curation algorithms on how information spreads on social
networks. These results simplify the analysis by showing independent implementations of different curation objectives.
In reality, newsfeed curation algorithms are multi-objective. However, presenting these objectives independently
provides a clear understanding of how each algorithm impacts both the propagation of information and content
diversity. This research highlights that the way in which curation algorithms are encoded has significant impact on
information propagation, echo chamber formation and polarization. Whilst social media platforms are motivated by
increased user engagement, this should be balanced with promoting information quality and content diversity. By
balancing different curation algorithm objectives, both engagement and a healthy social network environment should
be achievable.
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7 CONCLUSION

Misinformation and online polarization pose some of the greatest societal challenges of the current decade. Understand-
ing how these challenges arise from the way social networks have been designed is critical to tackling them. This paper
proposes a novel approach to understanding and comparing the impact of different newsfeed curation algorithms using
an ABM of a social network inspired by Twitter. This research highlights how impactful the objective of a newsfeed
curation algorithm is on information propagation and diversity. The model is calibrated and empirically validated by
one false and one non-false case-study from Twitter [28]. This research shows that ABMs can provide useful insight into
how altering the objective of newsfeed curation algorithms can impact the propagation of information, echo chamber
formation and polarization on social networks.

The results show that using a popularity-based or belief-based newsfeed curation algorithm leads to significant
increases in the number of tweets shared on a topic, which could be detrimental in the case of misinformation. The
analysis also shows that belief-based curation algorithms result in increased belief purity in a user’s newsfeed which
could lead to echo chamber formation and polarization. The results indicate there is a clear incentive for social media
platforms to use curation algorithms over chronological newsfeeds as they lead to much higher user engagement and
activity. However when these algorithms are being designed there should be consideration of the impact they have on
information quality and content diversity.

The proposed model does have a number of limitations, discussed in Section 6, which could be overcome through
future work. Firstly, further case-studies could be analysed to ensure the main conclusions presented in this paper,
based on two case-studies, persist in additional case-studies. Secondly, future work into computational acceleration
of ABMs could allow more realistic and non-trivial populations of agents to be simulated. Additionally, further work
into implementing formal verification of the model would increase confidence in the output. Finally, more advanced
implementations of newsfeed curation algorithms could be achieved by increasing the complexity of both agent and
tweet characteristics. This increased complexity would motivate the use of ABMs for scenario modelling and policy
evaluation. This future work could enable this type of modelling to be used in optimising newsfeed curation algorithms
to meet the objectives of enhancing information quality or content diversity. Since curation algorithms are becoming
so central in shaping beliefs and access to information, we propose that their future design should involve the use of
appropriate ABMs to assess their likely impact.
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8 APPENDICES

A SENSITIVITY ANALYSIS

This paper ismainly focused on the conceptualmerits of the approach. Therefore detailed implementations and sensitivity
analyses are outside of the scope of this paper and will provide interesting avenues for future work. However, the choice
of number of simulations is important to consider to ensure the robustness and validity of results whilst balancing
computational expense. For robust results, the number of simulations must be high enough to reach convergence.
However, due to the computational expense of running each simulation, the number should not be unnecessarily high.

Fig. 7. Figure plotting model𝑀𝑆𝐸 against number of simulations 𝑁𝑠𝑖𝑚 for the false case-study.

In order to identify a suitable number of simulations for the results in this paper, a coarse sensitivity analysis was
carried out to find the number of simulations that minimise the computational expense whilst reaching convergence.
For the false case-study, the model was run three times for 𝑁𝑠𝑖𝑚𝑠 simulations, which varied between 2 and 10. Then
the average mean-square error𝑀𝑆𝐸 of the output of the simulations was plotted. Figure 7 presents the results of this
analysis. This shows that running above 4 simulations leads to a significant decrease in the MSE of the model. For
experiments presented in this paper, a value of 𝑁𝑠𝑖𝑚 = 5 was used as this provides a suitable𝑀𝑆𝐸 whilst minimising
computational expense. A more detailed sensitivity analysis of 𝑁𝑠𝑖𝑚 and other important parameters, such as number
of agents, should be presented in future work focused on implementation details.

B ADDITIONAL CASE-STUDY

An additional case-study is provided for comparison. The case-study chosen is a false tweet from [28], "police chief
helric fredou, one of the police officers investigating the case #charliehebdo, commits suicide". This case-study was
generated with the same methodology outlined in Section 4. The probabilities outlined in Table 6 were calibrated using
the method described in Section 4.3.
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Table 6. Calibrated Parameter Values: the calibrated mean of the probabilities that are sampled during the ABM for the additional
case-study

Probabilities Additional Case-Study
𝑃𝑟𝑒𝑠ℎ𝑎𝑟𝑒 0.02094727
𝑃𝑟𝑒 𝑗𝑒𝑐𝑡 0.00696533
𝑃𝑜𝑛𝑙𝑖𝑛𝑒 0.10001950

(a) Chronological Curation (b) Belief-Based Curation

(c) Random Curation (d) Popularity-Based Curation

Fig. 8. Figures (a)-(d) show the output of the ABM simulation for the additional case-study [28].

Running the ABM for this case-study generated the results outlined in Table 7. These results show agreement with the
case-studies presented in the body of the paper, see Section 5. Figure 8 shows that both a popularity and a belief-based
newsfeed curation objective result in an increase in the average number of tweets shared on a story, compared to a
chronological newsfeed. It also shows that the random newsfeed curation algorithm results in a decrease in this metric.
Figure 9 show that a belief-based algorithm leads to the greatest, 94%, increase in belief purity over the simulation
which is a proxy for echo chamber formation.
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(a) Chronological Curation (b) Belief-Based Curation

(c) Random Curation (d) Popularity-Based Curation

Fig. 9. Figures (a)-(d) show the change in belief purity of an agent’s newsfeed for each curation objective for the false story.

Table 7. Results for Additional Case-Study

Curation
Objective

Change in
Φ𝑎𝑣𝑔

Change in
Φ𝑚𝑎𝑥

Change in
Belief Purity

Time 0.00 0.00 0.00
Popularity 1.23 0.00 0.31
Beliefs 0.52 0.00 0.94
Random -0.43 0.00 0.47
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