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ABSTRACT

Epidemics have always been a source of concern to people,
both at the individual and government level. To fight
outbreaks effectively, we need advanced tools that enable us
to understand the factors that influence the spread of life-
threatening diseases.

Simulation tools are commonly used in assessing policy
impacts in the health domain. Boulanger and Bréchet [1] in
their evaluation of six paradigm models for policy-making
recommended agent-based modelling (ABM) as the most
promising modelling approach. ABMs provide a framework
that allows representing an environment containing agents in a
spatial and natural setting. They are based on a bottom-up
structure  to  represent  micro/macro  relationships,
accommodate agent heterogeneity and adaptive behaviour.
ABM s also provide feedback between the spatial environment
and cumulative agents' behaviour and can integrate a variety
of data inputs such as aggregated, disaggregated and
qualitative information or even commonsense knowledge [2]-

[5].

As there is more and more data available in the area of disease
spread, a new research direction has emerged — supporting
ABMs with data-driven approached from machine learning
(ML). ML can enhance the performance of ABMs, especially
when the number of agents is large (e.g., pandemics) and the
decision making of the agents is complex. In disease
modelling, two elements are essential when using ML to
enhance agent's behaviour: (i) risk perception, as this triggers
the agents to change their coping behaviour and (ii) the factors
that contribute to the risk perception (e.g., communication).
The main idea behind using ML approaches in the context of
ABM is to equip agents with the ability to learn by enabling
them to optimise the decision-making process according to
given criteria. ML techniques can provide agents with a more
realistic way of learning and adjusting their behaviour [6].
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Agents are social and can make individual decisions both or as
part of a collective where they copy the decision from a group
or group leader [7]. Agents might learn based on one of two
principles: (i) isolated learning (centralised learning) or (ii)
interactive learning (decentralised learning) [8]. In isolated
learning, the agent learns independently without requiring any
interaction with other agents. In interactive learning, several
agents are engaged in the same process of learning, and they
need to communicate and cooperate to learn effectively.

In this research, we use Bayesian Networks (BNs) to steer the
behaviour of agents by representing risk perception and
coping appraisal utilising a cholera model for Kumasi, a large
city in Ghana [9]. Risk perception and coping appraisal are
two stages of protection motivation theory that is presented by
Roger (1983) [10]. We aim to evaluate the impact of
interactive learning on the processes of risk perception and
coping appraisal that will influence the spread of cholera. Two
experiments are conducted in which we test isolated versus
interactive learning in combination with including different
types of communication. For the implementation, we use the
BN model of Abdulkareem et al. (2018)[6].

The population of agents in the model is created using a
synthetic population. We run each of the experiments 100
times. Every 10 runs a new synthetic population is generated.
The experiments became stable after running them 50 times.
Household agents who do not have access to tap water use
BNs to perceive risk and make a protective decision about
what to do in the face of epidemics. During the simulation,
agents interact with their spatial environment and their
neighbours. They gain information from the spatial
environment (perceiving waste on the river or around river
banks), from the media, and own prior knowledge of cholera
cases. Moreover, household agents in the model may interact
with neighbours.
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Figure 1: Epidemic curves of running models of the two experiments

Initial results indicate that isolated individual learning leads to
less risk awareness and more infected cases compared to
individual interactive learning (Figure 1). However, when
comparing isolated group learning to interactive group
learning, we found that groups with centralised learning lead
to better decisions and lower peaks in the epidemic curves.
When agents share their experience in their decentralised
groups, this may result in making wrong decisions as the
group members follow the majority in their groups. The side-
effect of engaging agents in decentralised groups is the
dominance of the majority in their perception of the risk.
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Figure 2: Development of agents' risk perception over time during of the
experiments models

During the process of risk perception, agents with isolated
individual learning show later responses compared to agents
that learn interactively (Figure 2). Besides, when isolated
agents start to perceive risk, they remain in that state even
when the outbreak is over since they depend only on own
knowledge and their experience with cholera disease. In
isolated groups, agents who experienced cholera in their
households will affect on the other group members and keep
them aware of the cholera risk. This is why the risk perception
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of isolated groups remained increasing even though the
epidemic reached its end.

The interactive learners, when the epidemic starts to fade out,
resume their normal behaviour and lose their risk feeling.
Only those agents who experienced cholera in their
households they remained stimulate towards cholera risk.

Agents in interactive groups perceive risk later than individual
interactive learners. This is because in decentralised groups,
the majority of members are not aware of cholera risk and
therefore they have a negative impact on the other members.
However, when the number of infected cases increases this
motivate the majority of the group members and they help
their groups to perceive risk and make preventable decisions.

In this research, we investigated how the spread of epidemics
depends on different techniques used for risk perception and
decision making. We analysed how individual learning differs
from collective learning and how it influences the dynamics of
the epidemics. We concluded that social interactions of
individuals have a direct impact on the dynamics of the
outbreaks. This, in turn, can be used to promote certain
behaviours to minimise the spread of epidemics proactively.
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