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ABSTRACT
Defence Technology Agency (DTA) has developed a novel agent-based model (ABM)
for investigating the spread of the pre-Delta variant of the SARS-CoV-2 virus through
a population of several tens of thousands of people. People are represented in the
model by abstracted entities, the so-called agents, who reside at home locations
defined on a grid topology. The mechanism for virus spread is via healthy or infected
agents visiting various venues on a daily basis where other infected agents may or
may not be present. We adopt a distillation approach whereby detailed social
interactions are deliberately omitted from the model. This keeps the model
manageable while still providing insights into the general dynamics of disease spread
through the population. Our ABM is intended as an analysis tool for exploring pressure
points in controlling the spread of COVID-19, and to provide visualizations of the virus
spread for educational purposes. Effects considered include non-pharmaceutical
interventions such as limited gathering sizes, restricting movement within the
population, and contact tracing with isolation. The spatial component of how the virus
spreads through a community can be understood and the time evolution of the
reproduction number R0 can be monitored as a scenario unfolds. This, in turn, is useful
for highlighting different phases of the disease spread. The model demonstrates the
way in which R0 does not remain constant with time, even without interventions.
Moreover, geometry appears to play a role in determining R0, which leads to the model
falling into different modes of evolution. Finally, by explicitly representing agent
movement in terms of travel between ‘venues’, the model has the potential to explore
the trade-off between reducing infection rates via interventions and the adverse effects
this might have on economic activity or other social aspects such as education.
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EXECUTIVE SUMMARY
BACKGROUND
Based on previous experience at Defence Technology Agency (DTA) in developing
agent-based models (ABMs), a model has been developed for COVID-19 to
demonstrate the potential benefit of using this method to simulate the behaviour of
disease spread through a population and the effectiveness of different types of
intervention. This contrasts with more conventional modelling approaches to
epidemiology involving SIR (Susceptible-Infected-Recovered) equations, which are
similar to predator-prey models. In that case, interventions are modelled more
coarsely by simply adjusting the basic virus reproduction number, R0. DTA’s model
was designed to allow a relatively large population to be represented with minimal
computational expense. Importantly, the model is intended to explicitly represent the
effects of non-pharmaceutical interventions on the spread of the SARS-CoV-2 virus.
The behaviour of individual agents in the model can be tailored and the effects of
population stratification can be explored. This allows a more nuanced way of
examining interventions than SIR models allow, and could be useful, for example, in
understanding the likely consequences of reopening a country’s borders once its
vaccination programme has been completed. More generally, as a prototype, this work
is intended to promote a broader range of COVID-19 modelling approaches, as well
as support allied partners through international collaborations such as the
USINDOPACOM S&T Advisor Board.
AIM
To develop an agent-based epidemiological model which could assist decision makers
in understanding different COVID-19 scenarios and options to mitigate disease
spread.
RESULTS
For scenarios presented in this report, the ABM was typically set up with a population
size of 40,000. The mechanism for virus spread is via healthy or infected agents
visiting various locations on a daily basis where other infected agents may or may not
be present. We deliberately adopt a distillation approach whereby detailed social
interactions are omitted from the model. This keeps the model manageable while still
providing insights into the general dynamics of disease spread through the population.
By default, agents reside at their home venues, and rulesets can be applied as to
whether agents are allowed to visit other venues on a day-by-day basis. This provides
a mechanism by which different strategies can be explored for limiting disease spread.
Model scenarios can be run within a few minutes on a standalone PC and the
dynamics of the virus spreading through the population can be followed on the ABM’s
display; which uses a colour representation for the status of each agent. In order to
quantify the effectiveness of different mitigation strategies, scenarios can be run
multiple times to obtain average results along with other statistical measures.
Our model has been calibrated for a pre-Delta variant of the SARS-CoV-2 virus,
applicable at the start of 2021. Therefore, with no interventions applied, the
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reproduction number for the virus has been set to R0 = 2.0 – 2.5, yielding doubling
times for the virus in our model which agree with observations of real populations
during the early phases of the COVID-19 pandemic.
The model has generated several insights as follows, some of which have been
observed in real populations. On the other hand, the results listed below should be
taken with the caveat that they are a reflection of the behaviour of the model, and the
degree to which such behaviour would occur in the real world remains to be validated.
 Limiting agents’ movement to their local neighbourhood is found to be effective at
slowing (but not stopping) disease spread, with a resulting reproduction number of
R0 ≤ 1. The disease can still eventually sweep through the entire population, but the
lower resulting case numbers will have positive implications for managing a
healthcare system.
 The above-mentioned localisation strategy must be adhered to strictly to be
effective. Our model showed that as little as 1% of agents not following this rule
could make it easy for new virus clusters to emerge elsewhere in the population.
 A ‘lockdown’ in our model has been defined as allowing only one person from each
household out into the community each day. This was extremely effective at halting
disease spread.
 Contact tracing along with self-isolation has been implemented in our model with
the following rule set: if any person at a venue has developed symptoms then all
attendees at that venue are requested to remain home until all have recovered.
Likewise, all fellow home residents of those attendees are contacted and requested
to remain home. This was found to be very effective at halting the disease spread,
even with delays imposed on the process. In practice, contact tracing may not be
feasible once very large numbers of people have become infected, due to the stress
that this places on resources.
 Delays in contact tracing can be tolerated depending on other restrictions that have
been applied but, beyond a certain threshold, will not stop the spread of the virus.
For the scenarios examined in our model, delays of up to five days would still allow
the virus spread to be brought under control when combined with other measures.
This is not likely to be the case for the more recent Delta variant of COVID-19.
 Our model indicates minimal tolerance to people not complying with the abovementioned lockdown rule. Above a small percentage of non-compliance, a transition
occurs to a regime where this intervention entirely loses its effectiveness.
 Limiting venue sizes (social gatherings) is found to be very effective at slowing (but
not stopping) disease spread, provided other rules have been applied; in particular,
limiting agents’ movement to their local neighbourhood.
 The virus reproduction number, R0 was found to be an extrinsic measure of the
virus’s behaviour and can change dynamically as a scenario unfolds. Hence, this
measure is useful for identifying different phases of disease spread. For example,
R0 tends to vary with changing conditions such as the topology of the disease
spread through different regions of the population.
 The goal of reducing R0 to 1 or slightly less is a weak condition for controlling
disease spread. If already widespread in the population, the virus will continue to
iv
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propagate over many reproduction cycles and could still end up infecting the entire
population.
This ABM can be made available to other epidemiological researchers and the source
code provided so that the model can be customized. The model is quite extensible
and other rule sets or features could be added, for example, to study the behaviour of
virus propagation during a vaccine rollout.
SPONSOR
DDTA in support of VCDF request.
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1.

INTRODUCTION

At the start of 2021, the SARS-CoV-2 virus, which causes COVID-19, had created a
worldwide pandemic with approximately 100 million cases having emerged across the
globe and around 2 million reported deaths [1]. In the absence of vaccines, a variety
of strategies were adopted by different nations for curbing the spread of the virus.
These ranged from strict lockdowns to more relaxed approaches which aimed to keep
a country’s economy afloat. Before the emergence of the Delta variant, a small number
of countries had remarkable success at containing and/or eliminating the virus: New
Zealand (NZ), Australia, South Korea, Taiwan and Vietnam. Their strategies involved
a combination of lockdowns, strict border controls, effective contact tracing and
hygiene practices.
At first glance, one might naively compare SARS-CoV-2 to influenza (flu). Both viruses
give rise to respiratory symptoms and can lead to life-threatening pneumonia.
However, a major difference is that people infected with the flu tend to exhibit
symptoms straightaway and have the opportunity to isolate themselves before
infecting others. On the other hand, people infected with SARS-CoV-2 can be
contagious for several days before symptoms appear. This gives rise to the insidious
nature of the disease whereby a large swathe of the population can become infected
before anyone is aware that the virus is present. This factor alone leads to a long tail
on the distribution of active cases in a country when attempting quarantine measures
to eliminate the disease.
This report focuses on the pre-Delta variant of the SARS-CoV-2 virus and before
vaccination programmes were put in place. Several facts regarding this virus had been
established during the earlier phases of the pandemic [2 – 4]:





Following infection, there is an incubation time of roughly 5 days before symptoms
appear. During this time, people carrying the virus can be contagious and spread
the virus unknowingly.
The entire timeframe from first becoming infected to displaying symptoms and then
recovering is approximately 14 days.
The reproduction time of the virus tends to follow a Weibull distribution with a mean
of about 5 days and a standard deviation slightly less than 2 days [3].
The R0-value for SARS-CoV-2 is in the range of 2 to 2.5, where R0 is defined as
the average number of new people infected by an active carrier while he/she
remains infectious. This provides a measure of the infectiousness which allows
comparison to other diseases.

These facts are sufficient to build mathematical models of COVID-19 disease spread
and obtain a broad overview of how a population might be affected, given an initial
small number of infected individuals. Various approaches can include the well-known
Susceptible-Infectious-Recovered (SIR) model (or stochastic differential equations
based on these), tree-branching models and agent-based models. Some of these
approaches have been successful in highlighting the degree to which good contact
tracing and quarantining procedures can help contain the spread of SARS-CoV-2
through a population [2 – 4]. In this paper, we demonstrate the utility of using an agentbased model (ABM) to study the behaviour of disease spread, building on Defence
Technology Agency’s (DTA’s) previous experience with this technique [5, 6].

DTA Report 464

1
UNCLASSIFIED

UNCLASSIFIED

The idea of applying ABMs to epidemic modelling is not new, as other research teams
have also used this approach for examining the spread of COVID-19 (e.g. [7 – 9]).
ABMs represent a pandemic by explicitly modelling people individually as ‘agents’.
This contrasts with more traditional SIR (Susceptible Infectious Recovered) models,
which represent a population in terms of aggregate properties/parameters (although
some approaches split the population up into coarse subgroups). Agent-based models
have the advantage that they can consider aspects of the virus propagating through a
heterogenous population with, for example, differing daily schedules of activity. A final
point is that ABMs are also highly suited to stochastic approaches that consider the
randomness and uncertainty of the transmission of SARS-CoV-2. As such, the results
from these models are usually expressed in terms of probability distributions.
In the following section we describe our novel ABM, which has been designed to allow
the modelling of relatively large populations of agents (up to 100,000) without
excessive computational expense. A baseline scenario has first been set up to yield
an infection rate corresponding to the SARS-CoV-2 virus before the Delta variant
emerged. Having established a baseline, we then explore the effect of various rulesets
intended to limit the spread of the virus. These include lockdowns, restricting people’s
movement and simple forms of contact tracing. Finally, we consider real-world aspects
in our model such as the distribution of venue sizes in a given population and
inefficiencies in applying mitigating strategies.
2.

AGENT-BASED MODEL FOR DISEASE SPREAD

ABMs are often – though not necessarily – designed to represent key aspects of a
scenario while purposefully leaving out unnecessary detail which might slow down the
model’s computations [5]. Agents in the ABM are abstract entities which live on a grid
of cells and can change state according to the state of nearby agents or local
environmental conditions defined in the model. In the case of disease spread, agents
can be assigned various attributes to represent people becoming infected with SARSCoV-2 while visiting different venues according to a defined schedule.
The ABM we have developed for COVID-19 is illustrated in Figure 1. This shows a
screenshot for a scenario involving a population size of 40,000 agents placed on a
200 × 200 grid.1 It should be noted that the grid does not necessarily correlate to the
geography of the scenario being modelled but, rather, provides a visualization of each
agent’s state and set of indices for keeping track of that agent. The venue scheme by
which agents can become infected in our model is described below.
Agents can have one of four disease states depending on whether they have become
infected, are displaying symptoms or have recovered, as listed in Table 1. An agent’s
state is indicated by its colour on the display and this allows the progress of the
modelled disease spread to be visually monitored.2 We note that the model could be
extended to include other states such as the vaccination status of each agent so that
vaccine rollouts could be modelled. The current model focuses on the pre-Delta
variant of COVID-19 and before worldwide vaccination efforts had commenced.

1

This is typical of the scenarios used throughout this report and is found to be large enough to allow
complex behaviours to emerge that mimic those of real life, while still being computationally
manageable.
2
The colours in Table 1 have been selected due to ease of visibility between different agent states
over adjacent grid squares.

2
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State

Properties

Colour on Grid

Healthy/Uninfected

Able to be infected

Green

Infected

Not yet displaying symptoms

Red

Symptoms

Infectious, remain home

Blue

Recovered

No longer able to be infected
in the model.

Dark green

Table 1: Possible agent states.

In our variant of the ABM, agents are assigned to fixed grid points and interact by
notionally appearing at different venues according to a daily schedule. As mentioned,
the grid does not necessarily correlate to the geography of the scenario being
modelled but, rather, provides a visualization of each agent’s state and a set of indices
for keeping track of each agent. Agents only become infected by virtue of who they
share a home with and which venues they travel to, rather than being in direct contact
across grid locations. However, depending on the rulesets imposed, it is more likely
that agents with indices close to each other will infect one another. In this regard, a
distance metric between the agents comes into play after we introduce venues into
our model.
The system of venues we use is illustrated schematically in Figure 2. Different venues
could be considered, such as homes, workplaces, schools, cafes, shops, movie
theatres, and so forth. These can be assigned sizes and visiting schedules
representative of a typical population. In order to establish a baseline behaviour for
our model, we first consider only two types of venue: (i) homes of four inhabitants and
(ii) generic venues of size 100. For the purpose of this demonstration, agents have
been assigned a daily schedule of 9 am to 5 pm to attend non-home venues.3
Scenarios begin with agents at their home venues in state = Healthy, as given by
Table 1. They then appear at different venues each day where they can become
infected if there are other infected agents at the same venue. They can also be
infected at their home venues if other members of the household become infected.
The probability of infection per agent per unit time within a home or outside venue is
given by:
𝑝(𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛 ) = 𝛽′

𝑁𝐼
𝑁𝑇

(1),

where
 NI = number of infected agents at the venue,
 NT = total number of agents at the venue, and
 β' = scaling factor for overall infectiousness of a venue per unit time step. 4

3
4

The time step in our model is 1 hour.
This parameter is referred to as β' so as to avoid confusion with β in the SIR model.
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Figure 1: An agent-based model for disease spread.

Figure 2: System of venues used in the model. Agents switch venues each day depending on
a prescribed schedule. By default, agents reside at home venues. Note that all agents in the
population are assigned to homes and schools or workplaces until these venues are at full
capacity. For example, a population of 40,000 adults implies 400 workplace venues in the
population, each with capacity of 100. This is assuming that nobody works from home.

4

DTA Report 464
UNCLASSIFIED

UNCLASSIFIED

Equation (1) is based on the infection rate formula used in the SIR model (see Eq. (2)
on Page 8). It is calculated for all agents at every time step in the model. In our case,
the model time step is set to 1 hour, which gives a reasonable compromise between
having the model run quickly and the required time resolution for agents’ schedules. 5
(We note that the parameter β' scales according to the model time step, Δt.)
Equation (1) provides a simple but effective representation for infection between
people. It has the following characteristics:
 For reasonable-sized venues such as large workplaces or schools, there is a low
probability of becoming infected to begin with if there are only one or two other
infected people at the same venue.
 If most other people at a venue are already infected, there is a high probability of
any remaining people becoming infected.
 Households, with their small number of occupants, are almost guaranteed to infect
any healthy people within the same household.
 The scaling factor, β', allows scenarios to be calibrated to yield R0-values consistent
with COVID-19. Through the calibration scheme explained in Section 3, we find that
a value of β' = 0.015 gives R0 ~ 2.2 for unrestrained exponential growth in the
disease spread. (At first glance, this value of β' appears small but, unlike the
reproduction number, it is a probability of transmission for a unit time interval, rather
than for the entire period of contagiousness.)
Our baseline scenario has the following specifications, and is based on the pre-Delta
variant of the SARS-CoV-2 virus:
 Population size = 40,000.
 β' = 0.015 (R0 ~ 2.2).
 Each agent attends a pre-designated venue every day. There are no restrictions
on which venue each agent can be assigned to. For example, this represents
agents’ freedom to visit any venue within the population. (In Section 3, we explore
scenarios where agents are restricted in their movement.) All agents in the
population are pre-assigned to a home or outside venue to the extent that those
venues will be at full capacity. For example, a population of 40,000 adults assigned
to workplaces of size 100 implies 400 workplace venues in the population. This is
a simplifying assumption compared to the work life of a real population, while still
allowing for interesting dynamics of the virus spread to play out in the model.
 At the start of each scenario, one infected agent is placed at the centre of the
population grid.
 After becoming infected, agents are infectious for 5 days before displaying
symptoms. During this time, they continue to travel to their prescribed venues each
day and infect other agents. After symptoms appear, agents remain at their home
venue until they recover.
 Recovery time is 9 days after symptoms appear. Deaths are not included in our
model, since the main focus is on the dynamics of the disease spread. The death
rate could be inferred as a percentage of infected case numbers.
 We assume a flat probability distribution for infecting other people over the time
frame for which people are infectious. Our preliminary investigation has revealed
that including a more realistic probability distribution, such as a Weibull distribution,
does not qualitatively change the nature of our results, and essentially involves a
5

The model time step could be adjusted to give finer detail in agents’ schedules if required.
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recalibration of the β' value to achieve the same required reproduction number of
R0 ~ 2.
 Asymptomatic cases have also been introduced into the model. These agents
represent people who contract the virus, are infectious but do not display
symptoms. We have assigned 30% of the population to be asymptomatic, which is
of similar order to the rate that has been estimated in real populations for the preDelta variant of COVID-19 [10]. As it stands, we have applied the simplifying
assumption that asymptomatic agents are equally as infectious as symptomatic
agents, whereas, in reality they are likely to be less infectious. The effects of
lowering their infectiousness could be explored as this research is further
progressed, but would undoubtedly make the disease less aggressive.
Further details of how our ABM operates are illustrated by the pseudocode in Figures
3 and 4. Figure 3 shows tests which are carried out at every model time step for an
agent travelling from a home venue to an outside venue. These tests are carried out
for every agent in the population grid and involve a sequence of logical tests of
whether or not an agent is eligible to travel outside its home venue. Examples include
whether an agent is displaying symptoms, has been told to self-isolate after contact
tracing or is assigned to work from home. Also, the scheduled travel time is included
as a further test. If an agent meets all criteria, then its state is changed from ‘at home’
to ‘at work’ and the attendance records of the agent’s home and outside venues are
adjusted accordingly. The module for testing whether or not agents return home from
an outside venue follows similarly. However, this is simpler because agents remain at
their home venue by default under most contingencies and fewer tests are required.

Figure 3: Pseudo code for testing agents travelling from their home to outside venues at each
time step.

6
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Figure 4 shows a module for calculating whether or not an agent becomes infected
while attending a particular venue, and makes use of Eq. (1). Once again, all agents
in the population are considered and this is carried out for every model time step.
Other modules, such as deciding whether an agent has become symptomatic or has
recovered, based on elapsed time, also appear similarly. However, these modules
only need to be calculated once every 24 hours in scenario time, thus, reducing
computational load.

Figure 4: Pseudo code for calculating infections at each time step.

Results of running the baseline scenario are given in Figure 5. This shows the number
of agents in each health state as listed in Table 1. The initial exponential increase in
infected cases is apparent and the disease sweeps through the entire population in 3
to 4 months of scenario time. The delay between agents becoming infectious and their
symptoms appearing is clear from the graphs.

Figure 5: HISR (Healthy-Infected-Symptoms-Recovered) graph obtained from our model with
40,000 agents and calibrated with a reproduction number of R0 ~ 2.
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The results seen in Figure 5 have some similarity with graphs obtained from simpler
SIR models for disease spread, defined by the following differential equations:

where







N is the population size.
S = number of susceptible people.
I = number of infected people.
R = number of people who have recovered.
β = infection rate for the disease.
γ = recovery rate.

Our scaling factor β', used in Eq. (1), is loosely related to the infection rate, β, in the
SIR model. To illustrate, solutions of Eqs. (2) are plotted in Figure 6 for β = 0.015 and
γ adjusted to give a similar number of peak infected cases as our ABM in Figure 5.

Figure 6: Results from an SIR (Susceptible-Infected-Recovered) model with β = 0.015,
γ = 0.0045 and initial susceptible population of 40,000.

(In both cases, there was initially one infected person in the population, I(0) = 1.) It
can be seen that peak infections occur sooner in the SIR model. This is because all
entities are in direct contact in the SIR model, while in the ABM interactions only occur
among a limited number of agents at each time step. Furthermore, since infection only
occurs at local venues in our model, β' is not trivially related to R0.
In addition to the HSIR graphs shown in Figure 5, our model is capable of producing
other graphs such as shown in Figures 7 and 8. These include the dynamic R0 versus
time and the total number of confirmed cases with time. Since we have control of
individual agents in our model, R0 can be measured at each time step by applying a
counter to each agent after infecting another agent and averaging these counts over
the timeframe for which the infectious agents were active in the community. For
example, Figure 7 shows daily R0 values measured from a particular scenario and the
way in which R0 can change as a scenario unfolds. In this scenario, agent movements
were restricted to venues within the neighbourhood of their assigned homes. This
restriction causes the infection to spread out as a wave front, similar to that seen in
Figure 1, and results in the average R0 value becoming less than the initial calibrated
baseline value of ~ 2. (The reduced R0 value is due to the supply of healthy agents
able to be infected being limited to the forward direction of the wave front.)

8

DTA Report 464
UNCLASSIFIED

UNCLASSIFIED

We find that plotting changes in R0 as a scenario progresses is useful for identifying
different phases of the disease spread, as indicated in Figure 7. For example, at the
start of the scenario a peak typically occurs in R0 after the first infected agent begins
infecting other healthy agents in their local vicinity. During this phase, disease spread
tends to be unrestrained, and the growth is exponential. This yields an R0 value close
to 2, for which the model was originally calibrated. Furthermore, there is usually a
peak in R0 within the first day of infection because households are naturally very
infectious in our model and the first infected agent tends to infect all fellow household
members straightaway. After a scenario gets underway, R0 settles down to a constant
value representative of the population dynamics and any restrictions that have been
imposed. This value of R0 provides a useful signature of the propagation mechanism
and the degree to which geometry might be limiting disease spread.
Figure 8(a) shows a cumulative graph of confirmed cases for the population. This was
obtained for a scenario with a minimum of restrictions applied. Such graphs are useful
for identifying the exponential phase of disease spread after the population has first
become infected, and where an intrinsic value of R0 can be obtained. This is
highlighted in Figure 8(b) where the graph of confirmed cases has been re-plotted on
a log-linear scale. The exponential phase of the disease spread is clearly identified by
a linear section of the graph. The slope of this section can be used as another measure
of infectiousness in the population and from which the doubling time of the disease
can be extracted.

Figure 7: Example of daily R0 values obtained from a single scenario run.
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Figure 8: Sample output graphs from the ABM: cumulative confirmed cases. (a) Plotted on a
linear scale in both axes. (b) Plotted on a log-linear scale.

3.

RESULTS

In this section, we present results from our baseline scenario and demonstrate the
general behaviour of the model. To reiterate, the baseline scenario has the following
settings:
 Population size = 40,000 agents, each referenced to a point on a 200 × 200 grid.
 Home venue sizes = 4 agents.
 Daily venue sizes = 100 agents. This is intended to represent medium-sized work
premises or small schools.6
 Agents are assigned to venues such that they will be at full capacity each day. For
example, there are 400 such outside venues in this scenario.
 Agents have no restrictions on which venue they can be assigned to within the
population.
This initial setup allows the virus to spread freely through the population and leads to
the number of infected agents increasing exponentially with time until the supply of
healthy agents to infect becomes depleted.

6

Note that a venue size of 100 would represent a larger workplace environment in a New Zealand
context. See Section 4.1.

10
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As mentioned, this baseline scenario is calibrated so as to have an ‘intrinsic’ R0 value
close to 2. This was achieved by running the scenario with different values of β' and
measuring R0 during the exponential phase of disease growth. The required β' value
can depend on assumptions placed into the model to begin with. Results of
experimenting with two types of calibration scheme are shown in Figure 9:
 Figure 9(a): Infected agents do not self-isolate after symptoms appear, and continue
to infect other healthy agents in the population for the full 14-day timeframe that
they remain infectious. This is deemed to yield a R0 value in line with an uncontrolled
COVID-19 outbreak and corresponds to a ‘natural’ value of R0 whereby familiarity
with the virus has not yet been established and mitigating strategies have not been
put in place. This is the calibration scheme used in our scenarios, and produces
doubling times in agreement with those found in real populations.
 Figure 9(b): Infected agents self-isolate after 5 days when symptoms appear. This
calibration scheme produces more aggressive virus spread than seen in real
populations and is useful for illustrative purposes. It is unclear to what degree
people would ‘naturally’ self-isolate in the absence of mandated mitigations, and
this represents the other extreme case from Figure 9(a). Although this alternative
case is useful for explorative purposes, it probably requires β' to be higher than it
would be in reality. (Note also that agents who have self-isolated will still infect
fellow home residents in the model.)
For each data point in Figure 9, an average value of R0 was measured during the initial
exponential phase of the population becoming infected. This timeframe can be
determined by inspecting graphs of total confirmed cases such as in Figure 8 (here,
between days 6 and 21). Using the calibration scheme in Figure 9(a), we have selected
a value of β' = 0.015 to be used in Eq. (1) for all scenarios and this yielded R0 = 2.2
for the baseline scenario. It is interesting to note that this β' value is relatively small
and not too far above the regime for which virus spread can no longer be sustained
within the model population. In this regard, the infectiousness of the virus is somewhat
weak within our model and it is the inclusion of asymptomatic cases which give the
virus more potency.

Figure 9: Calibration graphs for R0 versus β' for two cases: (a) agents remain infectious for
14 days while spreading the virus and (b) agents remain infectious for 5 days while spreading
the virus before self-isolating.
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In the following sections, we present outcomes from our model with different mitigation
rulesets applied.
3.1. Base-line Scenario: Full Freedom of Movement
Results from running our scenario with no restrictions on agents’ movement are
illustrated in Figures 10 and 11. Figure 10 shows a screenshot during the early phase
of the disease spread. Despite the first infection appearing at the centre of the grid,
the virus spreads quickly to other parts of the population and then sweeps through the
entire population. This is further demonstrated from the corresponding R0 graph in
Figure 11 where it can be seen that the disease has swept through the entire
population within about 3 months. The value of R0 in the graph remains above 2 during
the exponential phase of the disease spread, in agreement with our calibration
scheme.
Tables 2 and 3 summarize overall results from our scenario if different rulesets are
applied to represent different mitigation strategies. Table 2 gives the total number of
agents that were infected and the peak in numbers that occurred during the virus
spread. Table 3 gives the time of peak infections and the total number of days from
the first infection until the final case disappears. The following list gives a description
of the different interventions that were considered in our model and the rules used to
implement them:
 No Intervention: This is the default scenario with a minimum of restrictions applied.
The only rule applied is that any agents displaying symptoms will self-manage and
remain home until fully recovered.
 Lockdown = Only One Person per Household Allowed out: A lockdown in our model
is defined as only one healthy person from each household allowed out each day.
If any person in the population displays symptoms, then this is applied. This
continues until the number of infections returns to zero in the population. Although
this is not a 100% lockdown, it represents a more realistic situation where
household members would still leave the house for shopping or to work in essential
services.
 Contact Tracing with Self-Isolation: If any person at a venue has developed
symptoms, then all attendees at that venue are requested to remain home until all
have recovered. Likewise, all fellow home residents of those attendees are
contacted and requested to remain home. An assumption is that this process
occurs without delay. The effect of delays in this simple form of contact tracing is
explored in Section 4.2.

12
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Figure 10: Initial disease spread when full freedom of movement is allowed in the population.
The initial infection appears at the centre of the grid.

Figure 11: Average daily R0 graph obtained when agents have full freedom of movement.

Tables 2 and 3 show average results from multiple runs of this scenario for each rule
set. In each case the scenario was run 100 times, which provides reasonable statistical
accuracy without excessive computing times. Also included are the standard deviation
and minimum and maximum values in the results. We find that the standard deviation,
minimum and maximum are useful measures for the type of distribution arising from
different scenario outcomes. For example, if the standard deviation is relatively small
and the minimum and maximum values are close to the average then the results tend
to be normally distributed. In these cases, the scenario will most likely give similar
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results each time it is run. On the other hand, cases where the standard deviation is
large and of similar magnitude to the average (and where there is a large difference
between the minimum and maximum values) indicate situations which are much less
predictable. In these cases, there can be a wide variety of different outcomes each
time a scenario is run. For example, as seen in Table 2, a lockdown might halt disease
spread almost immediately with only a single household becoming infected. Other
times, several hundred people might become infected before the disease spread finally
comes to a halt.

Table 2: Results from applying different rulesets to control the spread of the virus: total
number of agents in the population infected and peak number of infections during the
outbreak.

Table 3: As for Table 2 but recording the number of days until peak number of infections
occur and number of days until no new infections occur and the virus has been eliminated.
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These aspects are illustrated further in Figures 12 and 13 which show the results from
Tables 2 and 3 in a graphical format. Here, the results are plotted as horizontal bar
charts where the extent of the bars is given by the minimum and the maximum values
from Tables 2 and 3, and average values are plotted as vertical lines. Mitigation
strategies that could result in a wide variety of outcomes are made evident by the bars
which extend well beyond their average values.
Referenced against our baseline scenario, several trends can be discerned from
Tables 2 and 3:
 Disease spread is relatively aggressive if no rule sets are applied. The entire
population becomes infected in about 3 months of scenario time. There is a huge
surge in infected agents during the exponential growth phase and almost half the
population is infected during the peak in this phase.
 The lockdown intervention was extremely effective in this model. On average, only
about 30 agents became infected and the population is clear of the virus after about
three weeks. As mentioned above, there can be a huge variation in scenario
outcomes whereby, in the worst-case scenario, a few hundred agents might have
been infected. We note that our lockdown has been implemented after just one
person in the population has exhibited symptoms, whereas, in real populations a
lockdown might be implemented after numerous people have been identified with
symptoms.

Figure 12: Graphical view of results given in Table 2: numbers of infected.
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Figure 13: Graphical view of results given in Table 3: time of peak cases and zero new cases.

 Contact tracing with self-isolation was effective and achieved similar results to a
lockdown. However, in our model we effectively assume that contact tracing works
perfectly; that is, there are infinite resources available for this and there is no delay
in tracing contacts.
The trends described above are also evident in scenario excursions explored in the
following sections.
3.2. Mitigating Virus Spread via Local Movement Restrictions
In this scenario, an additional restriction, less severe than a full lockdown, is
implemented in which agents’ movement is restricted to venues closest to their
homes, called the ‘stay local’ rule. The initial disease spread is shown in Figure 14
and has considerably different character to the situation seen in Figure 10 without this
rule. The virus spreads out as a wave from the initial infection at the centre of the grid.
At first glance, it might appear that the disease is propagating by direct contact
between adjacent grid cells. However, the actual propagation mechanism is via crosscontamination between agents from different homes appearing at nearby venues
together.
Corresponding measured R0 values are shown in Figure 15 and highlight the slower
spread of the disease for this scenario. The entire population still becomes infected,
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but it takes more than one year of model time for the disease to sweep through.
Concomitantly, the peak in number of cases is significantly reduced.
Figure 15 reveals a lower effective value of R0 throughout most of the disease spread
when compared to Figure 11. This is due to the disease spreading out as a wavefront
and the supply of healthy agents being limited to those forward of the wavefront. Once
the wavefront is established, R0 < 1 for most of the disease spread. Established
knowledge tends to consider reducing R0 to 1 or below as a goal for controlling disease
spread. On the other hand, Figure 15 highlights a case where the virus continues to
spread under this condition, albeit slowly, until the entire supply of healthy agents in
the population has been exhausted.
Overall results of applying these local movement restrictions, as well as lockdown
rules and contact tracing, are given in Tables 2 and 3. As mentioned above, our model
suggests that this ‘stay local’ rule will not prevent most of the population from
eventually becoming infected, but the rate of disease spread is much slower compared
to the baseline scenario. Similar to the baseline scenario, lockdowns and contact
tracing with self-isolation are extremely effective at halting the disease spread for this
case.

Figure 14: Initial disease spread if agents are restricted to only attending venues closest to
home.

DTA Report 464

17
UNCLASSIFIED

UNCLASSIFIED

Figure 15: Average daily R0 values obtained if agents are restricted to attending venues
closest to home.

3.3. Effect of Non-Compliance in Movement Restrictions
In this section we explore the effect of relaxing the rule whereby agents must only
attend venues closest to home. In Figure 16, the rule was removed for 1 % of randomly
selected agents in the population. Despite this low number, there has been a
significant effect on the scenario outcome. The peak in infections at any one time has
more than doubled and the disease now sweeps through the population in less than
a year. Visually, one can identify new clusters of outbreaks appearing in Figure 16
which is not dissimilar to what one might expect to see in a real population.

Figure 16: Initial disease spread if 1 % of agents disobey rule ‘only attend venues closest to
home’.
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3.4. Effects of Gathering Sizes
Our baseline scenario used venue sizes of 100 agents. In this section, we briefly
explore the effects of changing this number to smaller venues (size = 20) or larger
venues (size = 1000) for the case that the ‘stay local’ rule has been applied. Results
are summarised in Tables 2 and 3 in the final two rows. We note that agents are
assigned to venues to their full capacity. For example, 40,000 agents assigned to
venues of size 20 implies 2000 such venues in the population.
It can be seen that smaller venues (size = 20) slow the spread of the virus significantly.
It takes over two years for the disease to sweep through the population and, on
average, only about 500 people are infected at any one time. Only one third of the
population ends up becoming infected overall, and a type of herd immunity has come
about due to the lower transmission rate. By contrast, larger venue sizes speed up
the virus transmission with most of the population becoming infected within 7 – 8
months.
Figure 17 shows a snapshot of the virus spread with venue sizes of 20. This illustrates
the virus spreading through the population as small self-sustaining clusters. Under the
given calibration scheme, propagation of the virus cannot be sustained through the
population if venues are limited to a capacity of 10 agents or less.

Figure 17: Disease spread with reduced venue sizes.
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4.

REAL-WORLD CONSIDERATIONS

4.1. Venues
In the previous section we explored the effect of smaller venues (size = 20) or larger
venues (size = 1000). This revealed the extent to which larger gatherings accelerated
spread, while limiting venue sizes/gatherings could be used to slow the disease.
In this section we briefly explore the effect of a distribution of venue sizes based on
more realistic demographics. Various venues we could consider include homes,
workplaces, schools, cafes, retail stores, movie theatres, amongst others. Our model
has already been designed to include homes and workplaces. For the third type,
schools have been selected as an example. This has been implemented by splitting
the population into two types of agent at each home venue: (i) two adults attending a
workplace and (ii) two children attending a school. This is a simple approximation to
what would be a distribution of family units in a real population, but simplifies
bookkeeping in our software and allows the model to run faster.7 Furthermore, we only
consider weekdays and exclude other types of venue that agents might visit related to
retail or leisure. A simplifying assumption of our model is that visits to retail stores,
cafes or leisure facilities can be wrapped into the venues that are already being visited
by agents each day.
To obtain a distribution of venue sizes for schools, we have used the city of
Christchurch, NZ as an example, with a population of approximately 380,000. The
distribution of school sizes for this city is shown in Figure 18(a). It can be seen that
most schools have sizes of 200 – 500 pupils and there are a few schools with over
1000 pupils. These larger sizes tend to be associated with secondary schools. This
distribution can be drawn from to produce a selection of school sizes for our model.

Figure 18: School size distribution for Christchurch, New Zealand. Derived from the website:
www.educationcounts.govt.nz.

Figure 19 shows the overall distribution of workplace sizes in NZ, obtained from the
Statistics NZ website for 20188. A plot of this distribution is given in Figure 19(b). We
note that a large portion of workplace venues have zero employees (~65%) and that
these represent self-employed businesses. However, as a fraction of the entire
working population, they only represent 17% of the work force and we do not consider
these venues in our model.
7

The model could be extended to include distributions of family units based on a real population.
www.stats.govt.nz/information-releases/new-zealand-business-demography-statistics-at-february2018
8
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Figure 20(a) shows the distribution of non-zero workplace sizes on a log-log plot. This
is found to be approximately linear, indicating that the distribution of workplace sizes
follows a power law. The upshot of this is that there are many more small workplaces
than large workplaces. The existence of this power law distribution is not a surprise
and is a typical characteristic of complex self-organizing systems (i.e. this distribution
was not ‘planned’, but is the result of self-organizing behaviour within the system). An
index which defines the degree to which the number of venues scales with venue size
can be obtained from the linear fit in Figure 20(a). This, in turn, can be used to
generate our own distribution of workplace sizes, as shown in Figure 20(b).
The results of using these distributions to generate workplaces and school venues in
our model are shown in Figure 21. In this case, we have used a population size of
40,000, with 20,000 agents designated as adults and the other 20,000 designated as
children. We note that the scatter plots in Figure 21 appear to reflect the distributions
in Figure 18(a) and Figure 20(b) reasonably well. For example, a large number of
workplace venues have been generated with sizes of 10 – 20 and only a few
workplace venues of size greater than 50 have been created. (Larger venue sizes
would have appeared had we considered a population size greater than 40,000.)
Similarly, a relatively large number of school venues have been generated with sizes
of 200 – 500 and only a few school venues of size greater than 1000 have appeared.
(In the case of Figure 21(b), this would represent two secondary schools in our
population of 40,000.)

Figure 19: Distribution of workplace sizes in New Zealand.

Figure 20: (a) Log-log plot indicating an approximate power law for the distribution of
workplace sizes in New Zealand. (b) This power law has been applied to generate a
distribution of workplace sizes for use in our model.
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The results of running our model with these distributions for workplace and school
venues are summarized in Tables 4 and 5. The model has first been run for the case
of no movement restrictions applied to adults. Children have been defined as always
travelling to school venues closest to their homes. Variants of the scenario have been
run with adults restricted to only attending workplace venues closest to home and/or
schools closed.
It can be seen that, without movement restrictions on adults, the disease spreads
through the population very rapidly in a similar fashion to the baseline scenario
presented in Section 3.1. Restricting adults to local workplaces slows the disease
spread somewhat. However, the disease still spreads through the population faster
than when the ‘stay local’ rule was applied in Section 3.2, despite the smaller average
workplace sizes seen in Figure 21(a). This is because the relatively large school
venues are acting as a conduit for disease spread. Alternatively, closing schools by
itself does not significantly slow disease spread if adults are not restricted to their local
neighbourhood.

Figure 21: Resulting distribution of workplace sizes and school sizes generated from our
model using the distributions in Figures 18 to 20.
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Table 4: Results from using a distribution of workplace sizes and school sizes based on a
real population: total number of agents in the population infected and peak number of
infections during the outbreak.

Table 5: As for Table 4 but recording the number of days until peak of infections is reached
and number of days until no new infections occur.

A significant advantage comes from closing all schools and restricting adults to only
attending workplace venues closest to their homes. Under the present calibration
scheme, the disease propagates out as small clusters to begin with but cannot be
sustained, given the small workplace venues involved on average. This suggests that
assumptions in the model, such as only two types of external venues, are too simple
and that other types of gathering or mechanisms of virus spread should be considered.
On the other hand, this does confirm the importance of limiting gathering sizes. It
should be noted that children agents are treated within the model as being as infectious
as adult agents, which does not appear to have been the case for the pre-Delta variant
of COVID-19 but may be applicable with new variants of concern.
A screenshot of the model running with a distribution of venue sizes as described
above is given in Figure 22 for the case that adults have been restricted to venues in
their local neighbourhood and schools remain open. The virus spreads out in the form
of a wavefront, similar to results seen in Section 3.2. The effect of large school venues
is clear in Figure 22, with schools acting as an accelerated conduit for disease spread.
In summary, the results presented in this section further emphasize the importance of
small venue sizes in curtailing disease spread. The precise nature of each venue is
less important in our model since we have not attempted to model different types of
social interactions within either schools or workplaces. Furthermore, we have not
considered any potential difference in infectiousness of children or adults. The effects
of variation in infectiousness with age can be explored in due course as our model is
further developed.
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Figure 22: Example of disease spread associated with schools. The effect of relatively large
school sizes is evident.

4.2. Contact Tracing with Self-Isolation
In Section 3 we implemented a simple form of contact tracing whereby all attendees
at a workplace venue were told to stay home if any other attendees at the same venue
had developed symptoms. Those attendees’ fellow home residents were also directed
to remain home. This was found to be effective at halting disease, but it was assumed
that there would be zero delay between someone at a workplace developing
symptoms and then all other attendees being notified.
In this section we briefly explore the effect of delays in this form of contact tracing for
the case where agents have full freedom of movement in the population. Results are
summarized in the graphs in Figure 23 where different delay times have been applied.
(Corresponding numerical results are given in Appendix B.) These results confirm that
contact tracing without delay is very effective at halting disease spread. The total
number of infections in Figure 23 with zero delay is found to be < 100.
Figure 23 suggests some tolerance to delays in contact tracing and then self-isolation
(this might also be related to our calibration scheme and simplified assumptions used
in the model.) Delays of up to 5 days can be tolerated, after which average infections
rise above 100 cases. There is a phase transition above a delay of 8 days where
contact tracing fails to prevent the entire population becoming infected.
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Figure 23: The effect of delays in contact tracing for pre-Delta COVID-19.

One might assume that delays greater than 5 days would render contact tracing
useless, since agents already self-isolate 5 days after becoming infected and
symptoms appear. However, the 5-day delay relates to the first case showing
symptoms at a venue. Other agents who have recently become infected at the venue,
but have yet to display symptoms, will be made aware sooner. Furthermore, the
delayed contact tracing is also capturing the asymptomatic cases that would otherwise
have gone on to infect others in the population.
4.3. Effect of Non-Compliance
In this section we explore what happens if a small percentage of the population do not
follow lockdown rules. Results for different percentages of agents not obeying
lockdown rules are given in Figure 24. As was found in Section 3.1, lockdowns would
be very effective if there is 100% compliance. (Note that our definition of a lockdown
still allows 1 person from each household to attend outside venues each day. This
could represent essential workers.) Figure 24 suggests that there is some tolerance
to people not obeying lockdown rules and that a non-compliance rate of up to 5 – 10
% could be accepted. Above this level the virus is likely to defeat the lockdown and
take hold in the population. Figure 24(c) shows the likelihood that the lockdown will
work in spite of higher levels of non-compliance. It can be seen that there is still some
chance that the lockdown will succeed but that this decreases with increasing
disobedience. Below a 10 % disobedience level the lockdown tends to be fully
effective.
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Figure 24: Effects of people disobeying lock-down requirements. (a) Number of infections. (b)
Timeframe for infections. (c) Probability that the virus fails to establish itself in the population,
despite the presence of non-compliant members in the community.

4.4. Working from Home versus Social Distancing
In this section we use our model to explore the trade-off between working from home
versus being allowed out into the population while maintaining disease control
interventions such as physical distancing and the wearing of face masks. Working from
home is easily considered in our model by simply designating a percentage of agents
as not visiting workplace venues each day. Effective disease-control practices, such
as physical distancing or mask wearing, are more difficult to define in the model, but
could be represented by changing our β' parameter for infectiousness at each venue.
That is, good control/social practices could be modelled by reducing β' below its
originally calibrated value of 0.015.
The effects of working from home versus good control/social practices, modelled by
lowering β', are shown in Figure 25 as surface plots. These graphs plot the number of
infections that occurred in the population during the outbreak, whereby each data point
was obtained from 100 simulation runs. Figure 25(a) shows average results while
Figures 25(b) and 25(c) show worst case results from each collection of 100 runs. All
three graphs display similar trends.
Results from Figure 25 suggest that increasing the rate of people working from home
does reduce infections in the population but that a significant fraction of the population
must be confined to the home for this to take effect. By contrast, there is a steep dropoff in infections with decreasing β' whereby, below a certain value, propagation of the
virus cannot be sustained in the population. In summary, Figure 25 suggests that good
control/social practices (modelled by decreasing β') are potentially more effective than
keeping some people at home, so long as there are mechanisms by which β' can be
reduced in such a fashion.
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Figure 25: The relative benefits of confinement at home versus good social practices such as
physical distancing and mask wearing. Good social practises are modelled coarsely by reducing
the virus reproduction number β'. Each data point was obtained from 100 runs of the model: (a)
average results, (b) worst case result from 100 runs and (b) top 10% worst case results. Note
the relatively sharp drop-off with β', suggesting that good social practises can provide more
benefit than limited confinement at home.

5.

SUMMARY

We have developed a novel agent-based model (ABM) for studying COVID-19 disease
spread which provides an alternative approach to standard SIR models typically
employed for these types of study. The agents in our model are abstracted entities
that can take on different attributes according to whether they are healthy, infected by
COVID-19, and/or are displaying symptoms. The mechanism for disease spread is via
healthy or infected agents appearing at prescribed venues each day where other
healthy or infected agents may be present. We adopt a distillation approach whereby
detailed social interactions are deliberately omitted from the model. This keeps the
model manageable while still providing insights into the general dynamics of disease
spread through the population. This study is based on the pre-Delta variant of COVID19.
A key observation from the modelling was that the geometry limiting the way the
population interacts appears to be a key in determining the evolution of the outbreak.
This is despite the fact that the population is uniformly spread, i.e. this observation
does not simply reflect some geographically unusual distribution of a human
population, but rather is a property of agents interacting in two dimensional space. The
advantage of our modelling approach is that such effects can be uncovered, which
would not be the case for an SIR-type model.
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Observing the evolution of R0 over the timeframe for which each scenario played out
was found to be useful for identifying different phases of disease spread. This further
demonstrated the relationship between the shape of the outbreak and the rate of
disease spread. For example, some scenarios had movement restrictions applied
such that the virus propagated out as a wavefront, and these tended to have a
measured R0 close to 1.
Following from the previous point, our model suggests that the goal of reducing R0 to
1 or slightly below is a weak condition for controlling the spread of the virus, particularly
if it has already taken hold in a significant portion of the population. In various
scenarios using our model, the virus was able to continue propagating well into the
population under this condition. Such geometrical effects might be partly responsible
for the multiple-surge character of the pandemic in real populations, and could be
explored further.
Though the intention of the model is to explore the relative effectiveness of various
interventions in the model – rather than to attempt to quantify their impact in the real
world – we note the following findings:
 Restricting agents’ movement is effective at slowing down disease spread. This
does not prevent the disease from eventually infecting the entire population, but the
slower infection rate could help manage the epidemic (i.e. ‘flatten the curve’). In our
case, a ruleset was applied that limited agents’ daily movement to their local
neighbourhoods.
 We found that limiting agents’ movement to local areas in order to control the
disease spread must be strictly adhered to. If as few as 1% of agents do not follow
this rule, and travel to other parts of the population, then new clusters of infection
will emerge and infected numbers in the population will increase significantly. This
ignores, however, strategies that might allow some agents to travel more widely on
the condition that they adopt more stringent hygiene approaches, such as strict
social distancing and frequent testing.
 A lockdown (defined in our model as only one person per household allowed out
each day) is extremely effective at halting disease spread. In our scenarios, less
than 1 % of the population became infected if a lockdown was applied immediately
after the first agent with symptoms appeared in the population.
 Contact tracing with self-isolation was also effective at halting disease spread in our
model. This assumed no delay between any agent at a venue displaying symptoms
and all other attendees being isolated at home.
 We further found from our model that, for the pre-Delta variant of COVID-19, a delay
of up to 5 days in contact tracing could be tolerable depending on other restrictions
that have been applied to the population. However, such delays are undesirable
since, although the virus spread is eventually halted, many more individuals will
become infected during the interim. We also did not consider the impact of resource
limitations on contact tracing.
 We briefly explored the effect of some individuals not obeying lockdown rules.
Depending on the severity of the lockdown our model indicates a tolerance to noncompliance of up to 5%. More than this, and the disease will take hold and sweep
through the entire population.
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 Limiting venue sizes (social gatherings) was effective at slowing disease spread
(but not stopping it), provided other rules had been applied such as limiting agents’
movement to their local neighbourhood. By contrast, large venue sizes (up to 1000
people in our model) acted as a conduit for the virus to sweep through the
population extremely rapidly, to the extent that other restrictions lost their impact.
Broadly speaking, many of the above-mentioned effects have been observed in the
COVID-19 response of various countries. Our model agrees that a winning strategy
for halting COVID-19 disease spread, without being overly restrictive and in the
absence of vaccines, would be: (i) limit gathering sizes, whether these are social
gatherings or work related, (ii) limit peoples’ movement to their local neighbourhoods
and (iii) good contact tracing and self-isolation with minimum delays.
The work presented in this report is ongoing and suggestions for further developments
are as follows:
 Our model was set up on a square grid which, for bookkeeping purposes and
following the chain of infections between agents, made it easy to keep track of the
venues attended by agents each day. The square grid assumption could be relaxed
and geographical zones based on real cities or townships considered.
 The model could be applied to explore scenarios representing relaxation of the
current border restrictions in New Zealand, most appropriately those for which some
fraction of the population had been immunised.
 Our scenarios were limited to a maximum population size of about 100,000 agents
due to computational resources. It would be worthwhile exploring parallel
processing techniques to increase this population size. For example, a population
of one million people would be suitable for studying COVID-19 spread in large cities.
 Our model was able to produce a rich set of behaviours based on relatively simple
assumptions. For example, we assumed a flat infectiousness rate for all members
of our population and fixed timeframes for becoming infected and then exhibiting
symptoms. The extent to which statistical distributions for these parameters might
change the outcomes from our model may be worth exploring. Our initial
investigations have revealed that outcomes from the model are not changed
qualitatively by including, for example, a Weibull distribution for the infectiousness
of individuals over time, and that this merely entails a recalibration of the model in
order to achieve a reproduction number for the virus of R0 ~ 2. On the other hand,
distributions for age variability would be worth further investigation since this could
have implications for policy makers in terms of school closures.
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APPENDIX A: SETTING UP VENUES
Venues are an important component of our model since they provide the conduit
through which disease is spread through the population, as defined by Eq. (1). Home
venues have each been allocated 4 agents by default to represent a small household.
This could be extended to represent a distribution of different households in a
population. However, a scheme with 4 agents per household is advantageous on a
square grid in terms of keeping track of which agents are infectious at each household.
This, in turn, removes the need for search algorithms which would slow down our
model execution due to the large number of households involved. Other types of
venues in our model can have a distribution of sizes and are stored as container lists
in software. Hence, these do require search algorithms to determine statistics such as
the ratio of infected to healthy people at each venue.
Our model has a feature for visualising venues in the population according to their
allocated attendance, as illustrated in Figure A.1. This shows a scheme where equalsized venues were distributed evenly throughout the population in the form of a regular
lattice. However, the periodic structure causes resonances to occur between homes
and venues which tend to block disease spread. To overcome this problem, we have
used an amorphous distribution of venues, as shown in Figure A.2. The amorphous
distribution has been created by treating the venues as equal-sized patches in a
simple ‘molecular dynamics simulation’. The patches are allowed to shift their
positions over several iterations until they are approximately equally spaced within the
confines of the population grid. This process is carried out at the beginning of each
scenario run so that randomisation can be achieved for venue distributions from one
scenario run to the next.

Figure A.1: Workplace venues set up on the population grid with a regular lattice distribution.
In this case, each workplace has size = 100 agents.
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Figure A.2: As for Figure A.1 but with an amorphous distribution of workplace venues. In this
case, average workplace size = 100 agents.
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APPENDIX B: RESULTS – DELAYS IN CONTACT TRACING AND
DEFECTORS
This appendix includes tables of numerical results used for the graphs in Section 4.2
and 4.3. Those sections explored the effect of hindrances in strategies that can limit
virus spread, including delays in contact tracing and cases where a percentage of the
population do not follow lockdown rules.
1. Delays in Contact Tracing
This section includes results obtained from exploring the effects of delays in contact
tracing used in our model. Tables B.1 and B.2 show numerical results used in Figure
19 for the case where agents have full freedom of movement within the population.

Table B.1: Results from exploring the effect of delays in contact tracing. The scenario involves
full freedom of movement of agents within the population.
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Table B.2: As for Table B.1 but recording the number of days until peak of infections is
reached and number of days until no new infections occur.

2. Defectors
This section includes results obtained from exploring the effects of different portions
of the population not obeying lockdown rules. Tables B.3 and B.4 show numerical
results used in Figure 20 for the case of a full lockdown.

Table B.3: Results from exploring the effect of agents not obeying full lockdown.
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Table B.4: As for Table B.3 but recording the number of days until peak of infections is
reached and number of days until no new infections occur.
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