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Agent-based modelling and simulation (ABMS) is a viable solution for real-time de-
cision analysis and policy-making towards preventing an epidemic. This is due to
its ability to model the real world by incorporating more complexity than previ-
ously used compartmental models. Model validation, parameter calibration and
long simulation time are significant limitations of ABMS. Surrogate models (SMs)
can overcome these limitations. However, there is a lack of comprehensive com-
parison between surrogate assisted parameterisation strategies. In addition, there
is a lack of research on using an SM to tackle problems outside of parameterisa-
tion. We provide a comparison of some state-of-the-art and classical intelligent
sampling, optimisation and evolutionary methods for parameter calibration along
with a framework for evaluation of these methods. The extensive experimental re-
sults show that the Dynamic Coordinate Search Using Response Surface Models
paired with the XGBoost SM outperforms competing methods regarding accuracy
and speedup achieved on synthetic epidemic data. Parameterising an ABM taking
an average similarity score across each output distribution allows the parameterisa-
tion approach to more closely match real-world data. Lastly, we have shown that a
Long Short-Term Memory network SM can replicate the transmission dynamics of a
complex ABM, significantly reducing simulation time whilst maintaining accuracy.
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Chapter 1

Introduction

Epidemiological research helps us to understand the behavioural dynamics of an
infectious disease. In particular, we can understand how many people have a spe-
cific infectious disease, how the numbers in the active infections are changing, the
effect on society and the economy and what preventative strategies can be imple-
mented [1]. For these reasons, it is imperative to model and understand infectious
disease dynamics at an accelerated pace to help make informed decisions.

Previously, compartmental (mathematical) models have been used to analyse how
an infectious disease affects a population. However, they suffer from a lack of com-
plexity due to the assumption that the entire population is homogeneous. While
these types of models do have the ability to model sub-populations, the additional
complexity is exceedingly difficult to understand and solve [2]–[4].

Agent–based modelling and simulation (ABMS), on the other hand, models a popu-
lation at an individual level, allowing for population heterogeneity. Agents are given
different attributes and can make independent decisions within their environment
based on rules. This allows for real-world level complexity to be incorporated into
a model. ABMS aims at enriching our understanding of how unknown phenomena
occurs in the real world. However, ABMS suffers from model validation, parameter
calibration and long simulation time [2], [3], [5].

Surrogate models (SMs), learnt through machine learning (ML) algorithms, can over-
come some of the limitations of ABMS. SMs can search the parameter space of an
agent–based model (ABM) much more efficiently by ignoring areas where discon-
tinuities and local optima occur. This reduces model development time, which is
extremely useful when considering ABMS for policy-making and decision analysis
during an epidemic [5]. In addition, SMs can also function as computational approx-
imations to the complex simulation models [6].

This research develops an ABMS framework to evaluate how intelligent sampling
methods can parameterise an infectious disease ABM. In order to make our anal-
ysis more robust, an improved ABMS framework is developed to evaluate differ-
ent surrogate assisted parameterisation strategies in terms of accuracy and speedup.
A Complex ABM is produced, which builds on the complexity of the Susceptible–
Infected–Recovered–Dead (SIRD) ABM. The Complex ABM can incorporate suffi-
cient complexity without increasing simulation time. The SIRD and Complex ABMs
are evaluated to approximate the real-world data distributions for the COVID-19
virus. In addition, we compare the approximation accuracy of the similarity mecha-
nism using a single output distribution versus all output distributions to understand
whether incorporating more than one is necessary. Lastly, we analyse using an SM
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to replace the simulation model within the ABMS framework. The purpose of using
the SM is to reduce the long simulation time of the ABM whilst still maintaining
accuracy.

1.1 Background

1.1.1 Introduction

In this section, we investigate the necessary background in order to conduct the re-
search. Section 1.1.2 reviews agent-based modelling and simulation (ABMS) used in
epidemiology. Section 1.1.3 considers surrogate models used in ABMS. Section 1.1.4
looks into surrogate assisted optimisation strategies. Section 1.1.5 briefly covers evo-
lutionary algorithms. Lastly, Section 1.1.6 investigates recurrent neural networks
(RNNs) and their potential use case within the research.

1.1.2 Agent-Based Modelling and Simulation in Epidemiology

Agent–based modelling and simulation (ABMS) is an effective and natural fit for
modelling infectious diseases. Agent–based models (ABMs) are capable of mod-
elling interactions between individuals and their environment. In addition, they
are able to capture unexpected emergent patterns and trends during an epidemic
that results from collective individual agent behaviours and interactions [2]. Each
agent within an ABM can have different characteristics, more closely representing
the variation in the human population. The agents act autonomously, governed by
the combination of their set of pre-defined rules and distinctive characteristics. This
autonomy allows ABMs to simulate many complex real-world scenarios with suffi-
cient fidelity [7]. ABMs can also be used as a substitute for a real-world epidemio-
logical study since it can often be infeasible or even impossible to run a real-world
experiment [8], [9].

Compartmental (mathematical) models, like the Susceptible–Infected–Recovered (SIR)
framework proposed by Kermack and McKendrick [10] and its variants, are not able
to capture the various complexities of the real world. These models also assume
that the population model is homogeneous. Population homogeneity is a signif-
icant modelling disadvantage as individuals behavioural patterns, demographics
and health conditions are different. Additional complexity can be introduced into
these models. However, the overall model becomes difficult to understand and
solve [2].

Table 1.1 contains the epidemiological simulation models identified in the literature
and the respective research focus. Aleman, Wibisono, and Schwartz [11] models the
spread of influenza in the Greater Toronto Area in Ontario, Canada. The results from
their model are output to a geographic information system, where they show it can
be used as a policy-making tool for implementing preventative measures. Mao [12]
models a triple-diffusion process in a metropolitan area of one million people. The
triple-diffusion incorporates the transmission of the disease, the flow of information
regarding the disease and the spread of human preventative behaviours against the
disease. The results shown indicate that the model reasonably replicates the trends
of influenza spread and information propagation. Cooley, Brown, Cajka, et al. [13]
models the spread of influenza within New York City (NYC), focusing on the role
that the subway plays in its spread. The model was calibrated using historical data
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from the influenza pandemic during 1957–1958. Their results show that if influenza
did occur in NYC, 4% of the transmission would occur on subways. Hackl and Du-
bernet [14] models the spread of seasonal influenza outbreaks in the metropolitan
area of Zurich, Switzerland. Their results show that the ABM captures the trend
of the data much better than a SIR model. In addition, they show that the under-
standing of disease spread dynamics can be improved, and better steps can be taken
toward the prevention and control of an epidemic.

TABLE 1.1: Agent-based epidemiological simulation models identi-
fied within the literature.

Paper Research Focus

Aleman, Wibisono, and Schwartz [11] Epidemic Planning
Mao [12] Disease Dynamics Research
Cooley, Brown, Cajka, et al. [13] Epidemic Planning
Hackl and Dubernet [14] Epidemic Planning

While there are significant benefits to using ABMs for infectious disease epidemiol-
ogy, there are equally limitations. ABMs ordinarily require long run times due to the
increased computational complexity resulting from agent interactions incorporated
into the model [5], [6]. Additionally, model validation and parameterisation present
significant challenges within the field of ABMS, precisely when matching real-world
data [3]. Model validation is the process of checking that the model, combined with
its assumptions, provides a sufficiently accurate representation of the real world.
There is no general way of validating ABMs. However, researchers have been val-
idating their models by comparing the outputs of ABMs to the corresponding real-
world data. Due to data restrictions and privacy issues, it is not always possible to
attain the data that was used to validate the model [2]. Of these challenges, we are
particularly interested in addressing parameter calibration and the long simulation
time of ABMs. Difficulty finding correct parameter combinations for ABMs lead
to extensive calibration efforts resulting in increased model development time. As
more complexity is added to the model, the parameter space expands, leading to the
ABMS equivalent of the “curse of dimensionality” problem. The outcome is imprac-
tical memory and computational costs when searching for meaningful parameter
combinations [4], [15].

1.1.3 Surrogate Models in Agent-Based Modelling and Simulation

Surrogate models (SMs) are generated using machine learning (ML) algorithms,
and they can function as computational approximations to ABMs. SMs can reduce
the dimensionality of an ABM’s parameter vector, simplifying its form while still
maintaining the original dynamical characteristics. In addition, SMs are capable
of reducing the computational time required for parameter space exploration for
high dimensional ABMs [5]. SMs provide computationally tractable solutions ad-
dressing parameter sensitivity analysis, robust analysis and empirical validation in
ABMS. These properties make SMs appealing when dealing with significantly com-
plex ABMs that are computationally expensive to validate and calibrate [6], [16].

The Kriging method, also known as Gaussian Process Regression, has been used as a
surrogate modelling approach to facilitate the parameter space exploration and sen-
sitivity analysis challenges in ABMS. This method estimates the model’s response
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over the entire parameter space from a finite set of model evaluations to generate
the best unbiased linear predictor corresponding to the true variogram1. However,
the spatial distribution of the data is rarely known when dealing with ABMs. This
leads to a large number of model evaluations, increasing the size of the parameter
space. Unfortunately, Kriging’s performance is dependent on the model’s ability to
estimate the true variogram [5], [6], [17], [18].

Lamperti, Roventini, and Sani [5] presents a new approach to overcome the limita-
tions of the Kriging method. An iterative algorithm is proposed for learning an SM
to approximate the ABM effectively. This is achieved by combining ML and intelli-
gent iterative sampling. Furthermore, it is shown that the model’s parameter space
can be effectively searched using fewer computational resources. The XGBoost2 ML
algorithm is used, where the SM is built in a stage-wise fashion, allowing optimisa-
tion of an arbitrary differentiable loss function. This method is applied to the Asset
Pricing Model by Brock and Hommes [19] and the Island Growth model by Fagiolo
and Dosi [20]. The results obtained show that the SM is an accurate proxy of the
ABM. Furthermore, it dramatically reduces the computation time for large-scale pa-
rameter space calibration and exploration. Zhang, Li, and Zhang [6] improves on
the work of Lamperti, Roventini, and Sani [5] using the CatBoost3 ML algorithm,
where it is shown that the surrogate is able to approximate the ABM and reduce
parameter calibration and exploration time. We aim to enrich our understanding of
the trade-off between increased speed and change in accuracy when using SMs in
ABMS.

1.1.4 Surrogate Assisted Optimisation

Many real-world optimisation problems involve high-dimensional black-box func-
tions that are outputs of computationally expensive simulations. Generally, find-
ing the global optimum of these problems is unrealistic as it requires a significant
amount of function evaluations [21]. It is often the case that the derivatives of
these black-box functions are not available. Therefore, derivative-free strategies
have been developed to allow for their optimisation. In particular, we are inter-
ested in derivative-free optimisation and derivative-free heuristic methods. A com-
mon approach to derivative-free optimisation is the use of surrogate models (SMs)
or metamodels. Regis and Shoemaker [22] present a method for the global optimi-
sation of expensive multimodal functions, where a response surface model (radial
basis function and neural network) is used as an SM. The method iteratively uses the
surrogate to approximate the output of the expensive multimodal function and then
selects the best potential candidate. The candidate is selected based on two criteria:
the estimated response from the SM and the minimum distance to the previously
evaluated points. The results indicate that this method is a promising solution for
the global optimisation of expensive high-dimensional multimodal functions. Regis
and Shoemaker [21] combines a radial basis function SMs and dynamic coordinate
search for the global optimisation of computationally expensive functions, which
extends the previous work presented by Regis and Shoemaker [22]. Regis and Shoe-
maker [21] presents two algorithms, where it is shown that the combination of dy-
namic coordinate search and SMs improves classical approaches, especially for high
dimensional problems. The surrogate assisted optimisation approaches mentioned

1A variogram is the description of the spatial continuity of the data.
2https://xgboost.readthedocs.io/en/latest/
3https://catboost.ai/docs/concepts/about.html

https://xgboost.readthedocs.io/en/latest/
https://catboost.ai/docs/concepts/about.html
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above are appealing as they provide an abstraction towards addressing the param-
eterisation challenges in ABMs. Specifically, in epidemiology, the accurate and effi-
cient parameterisation of infectious disease models is imperative.

1.1.5 Evolutionary Algorithms

Evolutionary algorithms (EAs) are inspired by Darwinian evolutionary theory. These
algorithms make up the field known as Evolutionary Computing, composed of the
following subareas: evolutionary programming, evolutionary strategies, genetic al-
gorithms and genetic programming. All EAs follow a common underlying idea.
Given a population of individuals within an environment with limited resources,
the process of natural selection occurs when individuals compete for these resources.
This causes a rise in the fitness of a population. The fitness of a population corre-
sponds to how well individuals survive and reproduce. Given an arbitrary function
to be maximised, we can randomly create candidates, where candidates are solution
elements within the function’s domain. The quality of these candidates is measured
using the arbitrary function as an abstract measure. Superior candidates are chosen
to seed the next generation based on the fitness values through recombination or
mutation. Recombination is an operator applied to two candidates producing one
or more new candidates, and mutation is applied to one candidate producing one
new candidate. Applying the recombination or mutation operators on a selected
candidate (parent) leads to creating a set of new candidates (children). The fitness
of the new candidates is evaluated, and then they compete with the old candidates
for a place in the next generation. This process is repeated until sufficient candidates
(solutions) are found or the computational limit is reached [23].

A major limitation in ABMS is parameter calibration [3], [6]. EAs, in particular
evolutionary strategies, presents a plausible way to search for optimal parameters
within simulation models [24]. The current state-of-the-art (SOTA) in evolutionary
algorithms is the (1 + (λ, λ)) genetic algorithm (GA), where crossover is used to in-
crease the speed in which the parameter space is explored [25]. Doerr and Doerr
[26] presents a refined run-time analysis of the (1,+(λ, λ)) GA, where they show an
improved upper bound.

1.1.6 Recurrent Neural Networks

Artificial neural networks (ANNs) are computational mechanisms that are designed
based on the concept of how the human brain processes information [27]. ANNs
have received much attention to date for tasks that include prediction, clustering
and pattern recognition across multiple disciplines [28]. Recurrent neural networks
(RNNs) are a particular type of ANNs with feedback connections. These connec-
tions allow information to persist in the network [29]. An RNN is made of up re-
current units, which contain a recurrent hidden state, where the activation for the
given unit at each timestep is dependent on that of the previous timestep [30]. More
formally, RNNs are able to handle a sequence of inputs that are of arbitrary length,
where each input in the sequence has a relationship to the previous inputs within the
sequence. It has been observed by Bengio, Simard, and Frasconi [31] that it is dif-
ficult to train RNNs to capture long term dependencies as gradients tend to vanish
or explode. Therefore, gradient-based optimisation methods struggle. Thus, other
approaches have been investigated to reduce the negative impacts of this problem.
Two of the main approaches include the Long Short–Term Memory (LSTM) unit
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proposed by Hochreiter and Schmidhuber [32] and, more recently, the Gated Recur-
rent Unit (GRU) proposed by Cho, Merrienboer, Bahdanau, et al. [33]. The LSTM
and GRU are widespread in sequence-based problems like speech recognition, traf-
fic flow prediction, text generation and wildfire spread modelling [34]–[37]. Of these
two approaches, we are particularly interested in the LSTM unit.

LSTM architectures are effective at capturing long-term dependencies. They do not
suffer from gradient optimisation problems that trouble simple RNNs. The main
idea behind the LSTM architecture is a memory cell, which takes in a combination
of the previous memory cell state and the current input as its input. The memory
cell then determines the necessary information to retain and eliminate. In essence,
the memory cell regulates the flow of information into and out of the LSTM unit
[38], [39]. The LSTM architecture used in the literature, known as the vanilla LSTM,
was originally described by Graves and Schmidhuber [40]. In Figure 1.1, we can see
a diagrammatic representation of the vanilla LSTM unit. It has three gates, namely
the forget gate ft, update gate it and the output gate ot. The LSTM unit, shown in
Figure 1.1, is defined by the following equations:

f̄t = σ(W f · [h̄t−1, x̄t] + b̄ f ) (1.1)

ūt = σ(Wu · [h̄t−1, x̄t] + b̄u) (1.2)

ōt = σ(Wo · [h̄t−1, x̄t] + b̄o) (1.3)

c̄t = f̄t × c̄t−1 + īt × ¯̃ct (1.4)

¯̃ct = tanh(Wc · [h̄t−1, x̄t] + b̄c) (1.5)

h̄t = ōt × tanh(c̄t) (1.6)

where W f , Wu, W0 and Wc and b̄ f , b̄u, b̄o and b̄c are the weight matrices and bias
vectors, respectively. In Equation 1.1, the forget gate calculates the amount of in-
formation required from the previous cell state, ct−1, when computing the current
cell state, ct. In Equation 1.2, the update gates calculates how much of the candidate
value, ¯̃ct, is required in the current cell state calculation. In Equation 1.4, we can see
the cell state at time t, which is dependent on the forget gate, the update gate, the
previous cell state and the candidate cell state, ¯̃ct, which is shown in Equation 1.5.
Lastly, in Equation 1.6, we can see the output of the LSTM unit, h̄t, which is a filtered
version of the cell state that is passed through a tanh activation multiplied by Equa-
tion 1.3 which is the output gate [41]. LSTM networks allow gradient based learning,
which in turn allow gradients to be checked using finite difference methods making
practical implementations of LSTM networks more reliable [37], [38], [42]. In addi-
tion, LSTM networks are capable of modelling long term dependencies, which make
them a suitable proxy to replace a complex simulation model like an ABM.

1.1.7 Conclusion

Decision analysis and policy-making during an epidemic rely heavily on efficiently
and accurately simulating complex simulations. Previously used compartmental
models for simulating and understanding the spread of an epidemic do not include
sufficient complexity to model the real world [2]. Adding more complexity to these
models makes them difficult to understand and solve. Agent–based models (ABMs)
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FIGURE 1.1: Diagram representing the Long Short-Term Memory
(LSTM) unit [43].

are able to model an entire population at an individual level, making them signif-
icantly more complex than compartmental models [2], [3]. In this section, the rele-
vant literature for agent–based modelling and simulation (ABMS) in epidemiology,
surrogate models (SMs) used in ABMS, surrogate assisted optimisation, evolution-
ary algorithms and recurrent neural networks (RNNs) were presented. Due to the
additional complexity, certain limitations are encountered in ABMs, such as model
validation, parameter calibration, and long simulation time [5], [6]. These limita-
tions can slow down the efforts of policy-makers to implement adequate preventa-
tive measures.

SMs have previously been used to reduce parameter space exploration time dur-
ing the parameterisation of ABMs used in financial markets [5]. Derivative-free
optimisation methods have been developed to find the global optimum of high-
dimensional black-box functions, which are generally outputs of computationally
expensive simulations. Derivative-free optimisation makes use of an SM to aid pa-
rameter exploration in conjunction with classical optimisation techniques [21], [22].
An ABM is an example of a high-dimensional black-box function, which can be pa-
rameterised more efficiently using derivative-free optimisation methods. Evolution-
ary algorithms present a viable approach towards parameter exploration tasks in
that they are able to leverage ideas from nature to more efficiently search for opti-
mal parameters [24]. Complex machine learning models like the Long Short–Term
Memory (LSTM) network can act as an SM to combat the long simulation time inher-
ent in ABMs. LSTM networks can model long-term temporal dependencies, making
them a viable substitute to an ABM. This research aims to compare different surro-
gate assisted parameterisation strategies measuring increased speed and change in
accuracy. In addition, we aim to develop a complex simulation model that can ap-
proximate the real world better than a simple simulation model. Finally, we aim to
assess the trade-off in terms of efficiency using an LSTM network as a replacement
to the ABM to tackle the parameterisation and long simulation challenges of ABMS.
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1.2 Problem Statement

The reduction in development time for complex simulation models is vital for de-
cision analysis and policy-making during an epidemic. Such models can be used
to understand the dynamics of an infectious disease and how individuals will re-
spond to preventative measures. Sufficient complexity needs to be added to these
models in order to approximate the real world. With the increase in model com-
plexity, the number of required parameters that need to be calibrated, to allow the
model to match real-world data, grows. As a result, searching for meaningful pa-
rameter combinations can become computationally prohibitive. Machine learning
(ML) models are capable of overcoming some of these computational challenges. To
date, there is a lack of comprehensive comparison of ML assisted strategies applied
to overcome these challenges. In response to this problem, we propose to evaluate
ML models that can effectively search the parameter space of complex simulation
models to reduce model development time. In addition, we aim to evaluate the ben-
efit of replacing a complex simulation with an ML model in order to improve upon
the efficiency of model simulation.

1.3 Significance and Motivation

The speed at which decision analysis and policy-making take place is vital to pre-
venting the spread of an infectious disease. Agent–based modelling and simulation
(ABMS) provide a more complex modelling approach than compartmental models,
as they can model behaviours at an individual level [2]. However, ABMS has limi-
tations regarding efficiency due to model validation, parameter calibration and long
simulation time.

Surrogate models (SMs) are able to reduce parameter exploration time when pa-
rameterising an agent–based model (ABM) [5]. In addition, SMs are able to approx-
imate an ABM and calibrate its parameters more efficiently [6]. However, they are
potentially less accurate than the actual ABM. Derivative-free optimisation meth-
ods have previously been used to find the global optimum of high-dimensional
black-box functions that commonly arise from computationally expensive simula-
tion models. Derivative-free optimisation uses SMs in conjunction with classical op-
timisation techniques to solve the optimisation problem more efficiently [21], [22]. To
date, there is a lack of comparison between surrogate assisted parameter calibration
strategies for parameterising an infectious disease ABM. In addition, little work has
gone into the exploration of replacing a complex simulation model with an SM for
more efficient hyperparameter tuning of ABMs. We aim to compare different surro-
gate assisted parameterisation strategies to tackle the parameter calibration problem
in ABMs. This comparison will provide insight into which strategies are best suited
when modelling the spread of an infectious disease. Further, we aim to assess the
trade-off between increased speed and change in accuracy when replacing the com-
plex simulation model with an SM. The results obtained will provide better insight
into the feasibility of using an SM in place of a complex simulation model.

1.4 Research Aims and Objectives

There is a societal need to rapidly simulate accurate complex simulation models for
the spread of an epidemic within a population. This research aims at understanding
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how one might reduce the model development time of a complex simulation model
without reducing its accuracy. This understanding will be enriched by employing
state-of-the-art research into surrogate assisted optimisation methods and recurrent
neural networks.

The above aim of this research project will be achieved through the following ob-
jectives (goals):

• acquire or implement two epidemic simulation models;

• develop and validate a framework for the integration of surrogate assisted pa-
rameterisation strategies into the parameter calibration workflow of epidemi-
ological ABMs;

• implement surrogate assisted sampling strategies for parameterising the im-
plemented simulation models and record the results;

• implement the surrogate assisted optimisation and evolutionary strategies as
parameterisation strategies for the implemented simulation models;

• conduct a comparative analysis between the implemented parameterisation
strategies and record the results;

• compare the implemented simulation models in terms of approximating real-
world data using the most efficient parameterisation strategy and record the
results;

• implement an LSTM recurrent neural network to replace the simulation model
within the developed framework;

• analyse and compare the results between the simulation model and the LSTM
network within the developed framework using real-world data and

• write up and discuss all of the results observed.

1.5 Research Questions

1. How does the quality of the sampling method used affect the capability of
finding optimal parameters for an epidemiological ABM?

2. What is the trade-off between increased speed and the change in accuracy
when using surrogate parameterisation strategies for hyper-parameter tuning
of ABMs?

3. What is the difference in overall accuracy between a complex and simple sim-
ulation model for modelling the spread of an infectious disease?

4. By how much can a complex machine learning model reduce the simulation
time of an ABM during parameterisation without a significant reduction in
accuracy?
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1.6 Delineations, Limitations and Assumptions

The epidemiological ABMs identified from the literature focuses on the Influenza
virus. We assume that the disease transmission dynamics for COVID-19 are similar
in model structure to that used to model the Influenza virus 4.

A possible limitation of this research is that the real-world data may not accurately
represent the disease transmission dynamics. The model parameterisation task sig-
nificantly depends on the data used to compare the simulation output against the
real world. Hence, the assumptions made regarding the accuracy in approximating
real-world disease transmission dynamics are limited to the data used. Further-
more, we are not doing an exhaustive evaluation of all machine learning algorithms.
Therefore, the conclusions we draw will be based on what has been implemented.

1.7 Outline

Having discussed the problem area in Chapter 1, the rest of the dissertation is struc-
tured as follows. Chapter 2 investigates surrogate assisted sampling strategies for
the parameterisation of an infectious disease ABM. Chapter 3 provides a compari-
son between surrogate assisted strategies for the parameterisation of an infectious
disease ABM. Chapter 4 explores the use of a more complex ABM in comparison
to a simple infectious disease ABM when parameterising towards real-world data.
Chapter 5 analyses the efficiency between a complex machine learning model in
place of the complex simulation model. Lastly, Chapter 6 contains the conclusion to
the dissertation.

4https://www.who.int/emergencies/diseases/novel-coronavirus-2019/
question-and-answers-hub/q-a-detail/coronavirus-disease-covid-19-similarities-and-differences-with-influenza

https://www.who.int/emergencies/diseases/novel-coronavirus-2019/question-and-answers-hub/q-a-detail/coronavirus-disease-covid-19-similarities-and-differences-with-influenza
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/question-and-answers-hub/q-a-detail/coronavirus-disease-covid-19-similarities-and-differences-with-influenza
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Chapter 2

Surrogate Assisted Sampling
Strategies

2.1 Introduction

This chapter presents an agent-based modelling and simulation (ABMS) framework
to facilitate the parameterisation of an epidemic agent-based model. In addition,
surrogate assisted sampling strategies are presented to address parameter calibra-
tion and exploration challenges present in agent-based models (ABMs). The surro-
gate assisted sampling strategies are compared using different surrogate models and
sampling methods. The results show:

• XGBoost and DT SMs perform the best at assisting the parameterisation of
ABMs.

• The surrogate assisted method XGBoost Random is able to get within 98.5% of
the optimal distribution with the lowest number of mini-batch evaluations.

• Overall, we show that surrogate assisted methods are more likely to estimate
the most optimal parameter vector, which generates a synthetic cumulative
data distribution that matches the real cumulative data distribution.

• We note the difficulty of calibrating ABMs when considering that we are trying
to estimate only seven of the possible nine parameters using synthetic data and
raise the need for further investigation for real-world data.

The rest of this chapter is structured as follows. Section 2.2 describes the infectious
disease agent-based model used. Section 2.3 unpacks the Approximate Two-Sample
Kolmogorov-Smirnov Test. Section 2.4 formulates and describes the agent-based
modelling and simulation (ABMS) framework developed. Section 2.5, defines the
sampling methods and surrogate assisted sampling methods used. Section 2.6 lists
the machine learning algorithms used as surrogate models. Section 2.7 defines a san-
ity check put in place to evaluate the quality of the ABMS framework. Section 2.8 ex-
plains the experiment setup and the initial configurations for the ABMS framework.
Section 2.9 discusses the results we have observed from the experiments conducted.
Lastly, Section 2.10 concludes the chapter with a conclusion.

2.2 SIRD Agent-Based Model

The agent-based model (ABM) used in this chapter is a pre-existing model imple-
mented by the Julia library, Agents.jl1. The ABM is a continuous space virus spread

1https://juliadynamics.github.io/Agents.jl/stable/models/
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model, where the disease transmission dynamics follows the Susceptible-Infected-
Recovered-Dead (SIRD) framework. The SIRD framework is a variation of the Susceptible–
Infected–Recovered (SIR) framework, proposed by Kermack and McKendrick [10].
The ABM takes in the input parameters presented in Table 2.1, where we can see
the range for each parameter. The SIRD framework models the ratio of suscepti-
ble, infected, recovered and dead individuals within a population. In Figure 2.1,
we can see a representation of the SIRD disease transmission dynamics, indicating
how agents move between the disease states. Agents have position and velocity at-
tributes that govern their movement within the environment. The number of days
an agent is infected for at time t is tracked as one of the agent’s attributes. Once
the agent has passed the infection period, the agent will move into the recovered
or dead state based on the probability of death. Agents who have recovered can be
reinfected again based on the probability of reinfection. Agents within the environ-
ment are made immovable once they have passed the detection period, indicating
they are aware of their infection. Contact between two agents is defined by the in-
tersection of the agents’ interaction radius. For simplicity, all agents are given the
same value that the model predefines.

Infected

Susceptible Dead

Recovered

FIGURE 2.1: Susceptible–Infected–Recovered–Dead Transmission
Dynamics.

TABLE 2.1: Table of the ranges for each parameter value of the ABM
that we have considered for parameterisation. Parameters 1, 2, 3, and
6 are sampled between the range (0, 1). Parameter 7 is sampled be-
tween the range (0, 0.022) to mimic real world interaction as the space
defined is bounded by (1, 1). Parameters 4 and 5 are sampled be-

tween the range (0, 41) days.

Parameters Range

1. Transmission Probability (β) (0.0, 1.0)
2. Reinfection Probability (0.0, 1.0)
3. Death Probability (0.0, 1.0)
4. Infection Period (0, 41) days
5. Detection Time (0, 41) days
6. Speed (0.0, 1.0)
7. Interaction Radius (0.0, 0.022)
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2.3 Approximate Two-Sample Kolmogorov-Smirnov Test

The approximate two-sample Kolmogorov-Smirnov (KS) test is used to compare the
similarity between the distributions of the actual (real-world/synthetic) and simu-
lated data as follows:

DA,S = sup
x
|FA(x)− FS(x)|, (2.1)

where x represents the feature we are measuring (number of infected individuals)
and FA and FS are the distribution functions of the actual and simulated data respec-
tively. The null hypothesis, H0, states that the two distributions are not the same.
The null hypothesis is rejected at a significance level α = 0.05 if DA,S > DN,α, where

DN,α = c(α)

√
2 · N
N2 , (2.2)

c(α) =

√
− ln (α) ·

(1
2

)
, (2.3)

and N = Population Size. The value DA,S, calculated in Equation 2.1, is termed
the Kolmogorov-Smirnov test statistic (KSTS). The KSTS value is between the range
[0, 1], where the distributions are more similar as the value tends to zero and less
similar as it tends to one. The agent-based model (ABM) takes in a candidate pa-
rameter vector as its input, which generates simulated epidemic data as its output.
The corresponding vector is labelled as negative if the actual and simulated distribu-
tions are not the same and positive if similar. The KS test compares the cumulative
distributions of the samples, which must be calculated. The data distributions that
we are comparing are time series. However, the empirical KS test is formulated to
assess the distance between two independent and identically distributed samples.
Applying the KS test on the time-series epidemic data requires the time-series to
be converted to a cumulative distribution function. A cumulative sum is calculated
along the time dimension, where it is then scaled to arrive at a cumulative distri-
bution that maintains the integrity of the original time series. This normalisation
makes our problem scale-invariant to the population size, allowing us to measure
the similarity of the exact epidemic trends between the two time-series distributions
that differ in scale.

2.4 Agent-Based Modelling and Simulation Framework

In order to evaluate different surrogate assisted sampling strategies more effectively,
we have developed an agent-based modelling and simulation (ABMS) parameteri-
sation framework. In Figure 2.2, we can see a diagrammatic representation of the
developed framework, which is inspired by the algorithm of Lamperti, Roventini,
and Sani [5]. An initialisation step is taken before we begin using the framework,
where we set an initial configuration. The initial configuration includes:

• selection of the sampling method

• selection of the machine learning (ML) algorithm that will be used to construct
the surrogate;

• setting the MAX Budget and MIN Budget which corresponds to maximum and
minimum the number of agent-based model (ABM) evaluations, respectively;
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• setting the mini-batch size (batch size);

• definition of a KSTS Threshold value;

• definition of a surrogate confidence criteria and

• a real-world/synthetic data distribution as input, to which the ABM will be
parameterised.

The framework begins by generating a pool of candidate parameter vectors utilising
the chosen sampling method. Subsequently, a mini-batch of parameter vectors are
sampled at random, where each vector is passed as input to the ABM. The ABM
simulates a synthetic epidemic based on the input vector it receives. The KS Hy-
pothesis Test, explained in Section 2.3, calculates the similarity between the simulated
epidemic and the real-world/synthetic cumulative data distributions. Accordingly,
the candidate parameter vector used to produce the simulated epidemic is labelled
as positive or negative. Once all of the sampled mini-batch has been evaluated by
the ABM and the KS Hypothesis Test, it is then added to a database of labelled param-
eter vectors. The database of labelled parameter vectors is employed to construct a
surrogate model (SM) using ML techniques. Then we evaluate if the SM meets the
confidence criteria2. We either check if we have reached the MIN Budget or go to
Phase 2. After examining the MIN Budget, we either resume at Phase 1 or predict the
optimal parameter vector from our database of labelled vectors. The optimal param-
eter vector is predicted by selecting the vector within the labelled database with the
lowest KSTS value. We then verify to see if the predicted optimal has a KSTS value
less than or equal to the KSTS Threshold. Depending on the outcome of the check, we
either evaluate the MAX Budget and go to Phase 2 or stop.

2.5 Sampling Methods

2.5.1 Random Sampler

This sampling technique is used as our baseline. We generate M candidate parame-
ter vectors using a pseudo-random sampling method where the length of each vector
is dependent on the number of parameters we parameterise.

2.5.2 Surrogate Assisted Random Sampler

To improve the accuracy and efficiency of the random sampler, we propose the sur-
rogate assisted random sampler. Once we have a confident SM, we then re-generate
a new set of random candidate parameter vectors. The new set is passed as input
to the SM, classifying the candidates as positive or negative parameter calibrations.
The parameter pool is then re-initialised using an ε-greedy algorithm. Positively pre-
dicted candidates are selected 90% of the time and negatively predicted candidates
10% of the time. This encourages exploration of the parameter space and drives the
method to generate candidate parameter vectors classified as positive calibrations.

2.5.3 Quasi-Random Sobol Sampler

As an alternate approach to the pseudo-random sampler, a Sobol sampling mech-
anism is employed, which is based on the works of Bratley and Fox [44] and Joe

2The validation accuracy of the SM is compared to a predefined validation accuracy criteria.
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FIGURE 2.2: Agent-based modelling and simulation (ABMS) frame-
work used to evaluate the different surrogate assisted sampling

strategies.

and Kuo [45]. This sampling method generates low discrepancy sequences of points
that are equally distributed around an M-dimensional hyper-cube. The sequence of
points generated tends to be more evenly distributed for a discrete set of points than
the pseudo-random sampler.
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2.5.4 Surrogate Assisted Quasi-Random Sobol Sampler

Following the approach of the surrogate assisted random sampler, a quasi-random
Sobol sampler is developed. The difference in this approach comes with the gener-
ation of quasi-random Sobol samples instead of pseudo-random samples. Once we
have a confident SM, we re-generate a new candidate parameter vector pool using
the quasi-random Sobol sampler. The new set is passed as input to the SM, classi-
fying the candidates as positive or negative parameter calibrations. The parameter
pool is then re-initialised using an ε-greedy algorithm, where ε = 0.1. Positively
predicted candidates are selected 90% of the time and negatively predicted candi-
dates 10% of the time. This encourages exploration of the parameter space utilising
the nature of the quasi-random Sobol sampler.

2.6 Surrogate Models

We evaluated the following machine learning (ML) algorithms for learning surro-
gate models (SMs):

• eXtreme Gradient Boosting (XGBoost): A decision tree ensemble machine
learning algorithm, based off the framework by [46], that is scalable and ef-
ficient in its implementation [47].

• Decision Tree (DT): A classification algorithm based off a tree-like structure,
where the leaves represent a feature/attribute and the branches represent the
decision rule which leads to the outcome of that decision [48].

• Support Vector Machine (SVM): A classification algorithm which finds a hy-
perplane in an M-dimensional space in order to differentiate between different
classes of data points [49].

The database of labelled parameter vectors is used to construct an SM. The database
is split into a training and validation set using an 80/20 split. The SM is constructed
using an ML algorithm, where the SM is trained using the training set and validated
with the validation set. The confidence of a SM is dependent on the F1 Score, which
we can see in Equation 2.4, obtained on validation set.

F1 Score = 2 · precision · recall
precision + recall

. (2.4)

An SM is confident if the F1 Score on the validation set is greater than or equal to the
confidence criteria that the ABMS framework is initialised with, which corresponds
to an F1 Score value that is deemed feasible.

2.7 Sanity Check

To ensure that our implemented ABMS framework in Figure 2.2 is reliable, we need
to conduct a sanity check. Given a set of known optimal parameters, θ∗, we use this
as input for the constructed ABM. The ABM will then generate a synthetic dataset
based on the value of θ∗ as output. We subsequently use the synthetic dataset as
the real-world/synthetic data in Figure 2.2. After that, we run through the ABMS
framework and observe if we can approximate θ∗.
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2.8 Experiment Setup

The following initial configurations are set as: MIN Budget = 500, MAX Budget
= 2500, Batch Size = 50 and KSTS Threshold = 0.005 (≈ 99.5% similar to the true
distribution). Lastly, the confidence criteria of the SM was set so that we have at
least evaluated a proportional number of candidate parameter vectors, dependent
on the batch size and the number of parameters we are parameterising, at a validation
F1 Score ≥ 0.90. A total of 56 experiments were conducted, averaging each experi-
ment 10 times. For each average, the real-world/synthetic data used was generated
by simulating an epidemic for 10 random parameter vectors. All of the sampling
methods and surrogate assisted sampling methods implemented were compared,
parametersing parameters 1, . . . , 7 as seen in Table 2.1.

2.8.1 Hardware Specifications

The machine used to run our experiments consisted of an Intel Xeon CPU E5-2683
v4 @ 2.10GHz processor with 64 CPUs and 256GB of RAM using the Ubuntu 18.04.4
LTS operating system.

2.9 Results and Discussion

We evaluate the performance of the various surrogate models, sampling methods,
and surrogate assisted sampling methods in the context of the following metrics:

• Standardised L2 Norm: The euclidean distance between the true input param-
eter vector and the predicted optimal parameter vector.

• Kolmogorov-Smirnov Test Statistic (KSTS): The maximum distance between
two empirical time-series cumulative distributions functions. The similarity of
the time-series distributions increases as this value tends to 0.

• Mini-batch Evaluations to Success (MBS): Success is defined as the quality
criterion that needs to be achieved, i.e. a solution within 99% or 95% of the
known optimal parameter values. MBS is the number of mini-batches the
framework required to reach success, i.e. the MBS at a success of 99% would be
the number of mini-batches used to get to within a 99% of the optimal value.

In Table 2.2 and Table 2.3, we can see the Standardised L2 Norm and Kolmogorov-
Smirnov test statistic (KSTS) values, respectively, for each of the methods that we
have implemented, calibrating parameters 1, . . . , 7. The values presented in Ta-
ble 2.3, are relatively close to zero, which implies the difference between the true
input parameter vector and the predicted optimal is minimal. In Figure 2.3, we
can see a visual representation of the KSTS values shown in Table 2.2. The results
obtained clearly illustrate that trying to parameterise more than three parameters
results in a gradual decrease in performance as measured by the KSTS.

In Figure 2.3, we can see that Random DT consistently outperforms Random for
parameters 1, 2, 3, 4, 5 and 7. Random XGBoost outperforms Random for param-
eters 1, 2, 3 and 7. In Figure 2.4, it can be seen that for parameterising parameters
1, . . . , 7, that Sobol DT outperforms Sobol for all parameters. The results from Ta-
ble 2.2, Figure 2.3 and Figure 2.4 clearly illustrate that XGBoost and DT surrogates
are able to get the lowest KSTS values and also the lowest L2 norm values overall.
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TABLE 2.2: Standardised L2 Norm values for the optimal predicted
parameter vectors using each of the strategies and SMs implemented.

The optimal values are marked in bold.

Standardised L2 Norm
Sampler Surrogate 1 2 3 4 5 6 7

Random - 0.0094 0.0930 0.2434 0.9010 0.7385 1.0194 1.6187
Sobol - 0.0207 0.1544 0.2294 0.6363 1.0808 1.0739 1.0879

Random
XGBoost 0.0088 0.0794 0.2033 0.7192 0.9712 1.0922 1.6548
DT 0.0169 0.0760 0.2449 0.6302 0.9345 1.6228 1.4602
SVM 0.0217 0.1414 0.2595 0.8081 9.8898 1.1399 1.3258

Sobol
XGBoost 0.0169 0.0839 0.2193 0.5524 0.8779 1.0059 1.6922
DT 0.0147 0.1201 0.1454 0.6898 0.7487 1.1827 1.3977
SVM 0.0130 0.1331 0.2674 0.6960 0.9751 1.4954 1.1180

TABLE 2.3: Kolmogorov-Smirnov Test Statistic (KSTS) values for the
optimal predicted parameter vectors using each of the strategies and

SMs implemented. The optimal values are marked in bold.

Kolmogorov-Smirnov Test Statistic (KSTS)
Sampler Surrogate 1 2 3 4 5 6 7

Random - 0.0014 0.0035 0.0085 0.0264 0.0140 0.0242 0.0209
Sobol - 0.0018 0.0037 0.0050 0.0290 0.0150 0.0274 0.0226

Random
XGBoost 0.0006 0.0028 0.0044 0.0310 0.0160 0.0295 0.0174
DT 0.0008 0.0023 0.0055 0.0216 0.0124 0.0286 0.0221
SVM 0.0014 0.0034 0.0053 0.0266 0.0130 0.0307 0.0210

Sobol
XGBoost 0.0014 0.0024 0.0081 0.0277 0.0157 0.0251 0.0237
DT 0.0010 0.0028 0.0046 0.0282 0.0134 0.0219 0.0213
SVM 0.0017 0.0038 0.0070 0.0276 0.0194 0.0272 0.0206

The values presented in Table 2.4 correspond to the averaged minimum number of
mini-batch evaluations it took to reach the optimal predicted parameter vector. The
table also details the number of mini-batch evaluations to succeed at different per-
centage intervals for parameterising seven of the ABM’s parameters. Sobol XGBoost
is able to reach success at 97% and 97.5% in only 14.3 and 20 mini-batch evaluations
on average respectively. Random XGBoost and Sobol SVM are able to reach success
at 98% and 98.5% respectively in the least amount of mini-batch evaluations on av-
erage. As we scale the problem size and the complexity of the ABM, we may find
that doing so many mini-batch evaluations is computationally infeasible to reach
that level of success.
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ent surrogate assisted sobol sampling methods implemented and the

number of parameters being estimated.

TABLE 2.4: Number of mini-batch evaluations on average to success
at (97%, 97.5%, 98% and 98.5%) for estimating 7 ABM parameters.

The optimal values are marked in bold.

Standardised L2 Norm
Sampler Surrogate 97% 97.5% 98% 98.5%

Random - 15.6 25.4 34.4 43.0
Sobol - 20.9 26.8 35.7 40.5

Random
XGBoost 17.0 25.6 32.9 39.1
DT 23.0 26.6 30.2 40.9
SVM 22.4 27.3 31.6 40.1

Sobol
XGBoost 14.3 20.0 37.2 41.1
DT 24.5 25.2 29.2 40.5
SVM 20.5 27.7 27.7 43.1
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2.10 Conclusion

This chapter presented an implementation of an ABMS framework that can effec-
tively swap out and replace alternative sampling methods and surrogate models. In
addition, the framework allows for evaluating the performance of parameter calibra-
tion and exploration challenges in ABMS. The results demonstrate that the surrogate
assisted methods perform better than the Random and Quasi-Random Sobol sam-
pling methods. Further, we show that the ABMS framework can predict an optimal
parameter vector relatively close to the actual input parameters used to generate the
synthetic epidemic. In addition, employing an XGBoost and DT surrogate outper-
formed competing methods at assisting the sampling methods in approximating the
synthetic data distribution.
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Chapter 3

Comparison of Surrogate Assisted
Parameterisation Strategies

3.1 Introduction

In this chapter, we expand on our work conducted in Chapter 2. An improved agent-
based modelling and simulation (ABMS) framework is presented to facilitate the
evaluation of different parameterisation strategies. The Metric Stochastic Response
Surface (MSRS), introduced by Regis and Shoemaker [22], and Dynamic Coordinate
Search Using Response Surface Models (DYCORS), introduced by Regis and Shoe-
maker [21], global optimisation strategies have been modified and re-implemented
to enable ABM parameterisation within our framework. Further, we implement an
improved version of the surrogate assisted sampling strategies and a new surrogate
assisted evolutionary strategy. The best strategy-surrogate combination is selected
in terms of accuracy and efficiency (speedup). The results obtained in this chapter
show that:

1. Significant speedup was obtained between two to four times above the base-
line models using surrogate assisted data-driven optimisation.

2. Better than parity accuracy was achieved across multiple parameters using
surrogate assisted strategies compared to the baselines.

3. The MSRS SVM strategy-surrogate combination is able to minimise the dis-
tance to the synthetic ABM parameter vector the best overall.

4. The best overall method in terms of both accuracy and speedup is DYCORS
XGBoost.

The remainder of this chapter is structured as follows. Section 3.2 explains the im-
proved ABMS framework. Section 3.3 covers the modified surrogate assisted opti-
misation strategies. Section 3.4 describes the updated surrogate assisted sampling
strategies. Section 3.5 introduces a new surrogate assisted evolutionary strategy.
Section 3.6 lists the surrogate models used. Section 3.7 explains the experiment
setup. Section 3.8 presents the results obtained and a discussion. Lastly, Section 3.9
concludes the chapter.

3.2 Improved Agent-Based Modelling and Simulation Frame-
work

Figure 3.1 presents an improved version of the agent-based modelling and simula-
tion (ABMS) framework introduced in Chapter 2. The improved ABMS framework
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can now integrate different surrogates, parameterisation strategies and sampling
methods. Before the framework starts, an initial configuration must be set. The
details of the initial configuration are as follows:

• selection of the agent-based model (ABM) to be parameterised;

• selection of a sampling method, which will be used to generate candidate pa-
rameters from the parameter space;

• selection of a machine learning (ML) algorithm that will construct the surro-
gate model (SM);

• selection of a parameterisation strategy;

• input the real-world/synthetic data distribution we are parameterising the
ABM towards;

• setting the values for the MIN and MAX Budget, which represent the mini-
mum and maximum number of samples required to be evaluated by the ABM,
respectively;

• setting the batch size that corresponds to the size of the mini-batch sampled
from the parameter pool;

• defining a Threshold value, corresponding to the Kolmogorov-Smirnov test
statistic (KSTS) that the predicted optimal should at least attain in terms of
similarity to the real-world/synthetic data distribution and

• a confidence criteria for a given surrogate model is defined.

After initialisation, a pool of candidate parameter vectors is generated utilising the
selected sampling method. During initialisation, we exhaust the MIN Budget. A
subset of candidates, equal to MIN Budget, are sampled from the parameter pool,
which the ABM then evaluates. For each candidate parameter vector, the ABM gen-
erates a simulated data distribution. We compare the similarity between the real-
world/synthetic cumulative data distribution and the simulated cumulative data
distribution using the Approximate Two-Sample Kolmogorov-Smirnov Test, intro-
duced in Chapter 2, and the corresponding candidate is labelled accordingly. The
labelled candidates are then included in the database of labelled parameter vectors
(ground-truth). We then construct the SM employing the ground-truth database and
the selected ML algorithm at the first iteration of the Main Loop. After the SM has
been constructed, we execute the selected strategy. If we are not at the first iteration
of the Main Loop, we check whether the SM has diverged from the Confidence Criteria.
Depending on whether we have diverged from the Confidence Criteria, we either go
straight to execute the strategy or update the SM using the newly evaluated batch
of candidates. Once the strategy has been executed, we predict the optimal candi-
date. The corresponding KSTS value of the predicted optimal is compared to the
predefined Threshold, which represents the percentage of similarity deemed to be ac-
curately sufficient. Depending on whether the Threshold or MAX Budget is met, we
either stop or go into the next iteration of the framework. During the next iteration,
a mini-batch of candidates are randomly sampled from the pool, and we continue
within the Main Loop.
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3.3 Surrogate Assisted Optimisation Strategies

The following strategies have been modified and re-implemented from the literature
into surrogate assisted parameterisation strategies. The strategies are used with the
ABMS framework to facilitate parameter calibration of an infectious disease agent-
based model.

3.3.1 Metric Stochastic Response Surface

The initial lower and upper bounds of the agent-based model (ABM) parameters are
reassigned such that each new candidate is generated as a Normal(0, σ2) distributed
perturbation around the current best candidate [22]. The current best candidate is se-
lected with the lowest Kolmogorov-Smirnov test statistic (KSTS) value. As the KSTS
value tends to zero, the approximation to the real-world/synthetic data becomes
more similar and less similar as the value tends to one. During the reassignment of
the upper and lower bounds, the value of σ increases if we have an accurate sur-
rogate model (SM) and decreases if it is inaccurate. A sample of candidates is gen-
erated using a sampling method passed through by the ABMS framework. The SM
predicts the KSTS value of the newly generated candidate points and then computes
the previously evaluated candidates’ distance. The predicted KSTS value represents
the expected similarity between the real-world/synthetic and simulated data distri-
butions as if the ABM evaluated the candidate. The SM’s prediction and the distance
to the previously evaluated points are computed and then rescaled through a lin-
ear transform on the interval [0, 1]. A candidate that minimises the weight-distance
merit function,

merit(x̄) = ws(x̄) + (1− w)d(x̄), (3.1)

is selected as the optimal candidate, where s(x) is the SM’s prediction of candidate
x, d(x) is the minimum distance to the previously seen candidates and 0 ≤ w ≤ 1.
The weight w is commonly cycled through a finite set of values in order to encour-
age exploration and exploitation, we chose w ∈ {0.3, 0.5, 0.7, 0.95}. When w is close
to 0, we do exploration, while w close to 1 does exploitation. At the end of each iter-
ation, the predicted best candidate is evaluated using the ABM, and that candidate
is added to the database of labelled parameter vectors.

3.3.2 Dynamic Coordinate Search Using Response Surface Models

Dynamic Coordinate Search Using Response Surface Models (DYCORS) is a modifi-
cation of the Metric Stochastic Response Surface (MSRS) method presented by Regis
and Shoemaker [22]. This method incorporates an idea from the dynamically di-
mensioned search (DDS) strategy presented by Tolson and Shoemaker [50]. DDS
is a heuristic method for box-constrained optimisation, which scales the search for
global solutions based on the maximum number of evaluations. In this method, we
use DDS to create a new set of candidates perturbed around the current best solu-
tion. In each iteration, a set of new candidate vectors are created by adding random
perturbations of the current best solution xbest, where xbest is a candidate vector with
the lowest KSTS value. We probabilistically determine a subset of values to perturb
where the perturbations are normally distributed with mean zero and a fixed stan-
dard deviation within each candidate vector. An SM is then used to predict the KSTS
value for each of the new candidates. The candidate with the lowest predicted KSTS
value is selected and evaluated by the agent-based model. Then the candidate is
added to the ground-truth database and the algorithm iterates.
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3.4 Surrogate Assisted Sampling Strategies

The following strategies are modified versions of the surrogate assisted sampling
strategies introduced in Chapter 2. The baselines for the surrogate assisted random,
and Sobol samplers are the standard Random and Sobol sampling methods, respec-
tively, used in Chapter 2.

3.4.1 Surrogate Assisted Random Sampler

An SM is trained and validated with 3-fold cross-validation. We use the database of
labelled parameter vectors for this task, where the best surrogate is selected based
on the F1-Score. If the best surrogate’s F1-Score is greater than or equal to a specified
confidence criteria, predefined by the ABMS framework, and the number of positive
and negative samples seen in the database is greater than or equal to φ, where

φ = (n f olds + nparameters) + 1, (3.2)

we are then able to proceed with the strategy. A temporary pool of candidate pa-
rameters is generated using the corresponding sampling method. The SM then
classifies the candidates as positive or negative parameter calibrations to the real-
world/synthetic cumulative data distribution. The new candidate pool is then gen-
erated using an ε-greedy algorithm, where ε = 0.10. We select positively predicted
candidates at a rate 1− ε and select negatively predicted candidates at a rate ε from
the temporary pool. The ε-greedy algorithm aims to encourage exploration whilst
still exploiting the optimal region within the parameter space.

3.4.2 Surrogate Assisted Quasi-Random Sobol Sampler

The Quasi-Random Sobol sampling method, proposed by [51], generates low dis-
crepancy sequences of points that are equally distributed points around an M-dimensional
hypercube, where M refers to the number of parameters we are parameterising. We
utilise this sampling method to generate a pool of candidate parameter vectors. Can-
didate points are similarly classified as positive or negative, and then an ε-greedy
algorithm is used to generate a new candidate pool. Like the new surrogate assisted
random sampler, the SM used is validated using the predefined confidence criteria.

3.5 Covariance Matrix Adaptation Evolutionary Strategy

We introduce a new surrogate assisted parameterisation strategy built upon the Co-
variance Matrix Adaptation Evolutionary Strategy ((µ/µ, λ)-CMA-ES). We select the
parent pool size, λ, to equal our Batch Size size, predefined by the ABMS framework.
We follow the standard algorithm using the SM to evaluate the fitness for each of
the offspring. Once the new elite parents have been selected, we isolate them for our
batch to be evaluated by the ABM. The mean of the next generation is calculated us-
ing the elite population. The next generation’s covariance matrix is calculated using
the elite population along with the mean value of the entire population at the current
generation. A new set of candidate points are sampled using a Gaussian distribution
with the mean and covariance of the next generation [52].
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3.6 Surrogate Models

The following machine learning algorithms for learning surrogate models (SMs) are
evaluated:

• eXtreme Gradient Boosting (XGBoost): A decision tree ensemble machine
learning algorithm, based off the framework by [46], that is scalable and ef-
ficient in its implementation [47].

• Decision Tree (DT): A classification algorithm based on a tree-like structure,
where the leaves represent a feature/attribute, and the branches represent the
decision rule which leads to the outcome of that decision [48].

• Support Vector Machine (SVM): A classification algorithm which finds a hy-
perplane in an n-dimensional space in order to differentiate between different
classes of data points [49].

The newly sampled batch of labelled parameter vectors at each iteration of the ABMS
framework are used to validate the SM’s performance. In order to validate a SM for
classification, we use the:

F1 Score = 2 · precision · recall
precision + recall

. (3.3)

In order to validate a SM predicting a real value we use the:

RMSE =

√
∑B

i=1(yi − ŷi)2

B
, (3.4)

where yi is the predicted real value of the ith candidate from the newly evaluated
batch, ŷi is the true value of the ith candidate and B = Batch Size.

3.7 Experiment Setup

The following initial configurations were set as: MIN Budget = 500, MAX Budget
= 2500, batch size = 250 and KSTS Threshold = 0.005 (≈ 99.5% similar to the input
distribution). The surrogate confidence criteria was split into two cases: when the
class label was predicted, F1 Score was used, where the F1 Score Threshold = 0.90 and
when the real label (KSTS value) was predicted, RMSE was used, where the RMSE
Threshold = 0.001. The F1 Score Threshold and the RMSE Threshold are hyperparam-
eters which the ABMS framework was initialised with. A total of 126 experiments
were conducted, averaging each experiment 20 times, where for each average the
true parameters were varied and different combinations of parameters were tested.
All of the strategies implemented were compared, parameterising 1, . . . , 7 parame-
ters as seen in Table 3.1. Each surrogate-assisted optimisation strategy was initialised
to generate 1000 new samples and perform three iterations every time the strategy
was executed within the framework.

3.7.1 Hardware Specifications

The machine used to run our experiments consisted of an Intel Xeon CPU E5-2683
v4 @ 2.10GHz processor with 64 CPUs and 256GB of RAM using the Ubuntu 18.04.4
LTS operating system.
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TABLE 3.1: Table of the ranges for each parameter value of the infec-
tious disease ABM, presented in Chapter 2, that we have considered
for parameterisation. Parameters 1, 2, 3, and 6 are sampled between
the range (0, 1). Parameter 7 is sampled between the range (0, 0.022)
to mimic real world interaction as the space defined is bounded by
(1, 1). Parameters 4 and 5 are sampled between the range (0, 41) days.

Parameters Range

1. Transmission Probability (β) (0.0, 1.0)
2. Reinfection Probability (0.0, 1.0)
3. Death Probability (0.0, 1.0)
4. Infection Period (0, 41) days
5. Detection Time (0, 41) days
6. Speed (0.0, 1.0)
7. Interaction Radius (0.0, 0.022)

3.8 Results and Discussion

TABLE 3.2: Standardised L2 Norm values for the optimal predicted
parameter vectors using each of the strategies and SMs implemented.
The top three values have been highlighted varying in intensities of
grey, the darkest grey represents the best value and the lightest grey

represents the third best value.

Standardised L2 Norm
Strategy Surrogate 1 2 3 4 5 6 7

Random - 0.1778 0.5363 0.7105 1.5249 2.8104 1.9735 3.1206
Sobol - 0.0546 0.6204 0.9194 1.3720 2.1372 2.9459 4.6424

Random
XGBoost 0.0695 0.6866 1.0335 0.9920 3.2106 3.2145 4.3614
DT 0.0421 0.5888 0.7117 1.2247 2.5250 2.1988 4.3225
SVM 0.0541 0.5378 0.7395 1.1894 1.8206 2.1682 3.6745

Sobol
XGBoost 0.1076 0.7249 0.8582 1.2848 2.2395 2.8396 4.9996
DT 0.1092 0.7215 0.8129 1.3268 2.0950 3.0756 4.0618
SVM 0.0795 0.9444 1.0304 1.1763 2.1551 3.5414 3.3606

MSRS
XGBoost 0.1442 0.6426 0.7628 0.9560 1.5134 1.6819 3.0205
DT 0.0463 0.7482 0.6837 1.0738 1.2975 1.8974 2.8574
SVM 0.0463 0.7436 0.6654 0.9479 1.3820 2.6611 2.3829

DYCORS
XGBoost 0.0679 0.6729 0.8196 1.3433 2.6203 1.6127 3.2048
DT 0.0281 0.5231 0.8930 0.9465 2.6397 3.5522 2.7680
SVM 0.0289 0.5827 0.7838 1.2029 1.4711 2.2533 3.9010

CMAES
XGBoost 0.1175 0.5679 0.9984 2.2796 2.2526 4.4795 4.2173
DT 0.1423 1.0773 0.7987 1.1261 2.8731 4.6390 3.9230
SVM 0.0369 0.4593 0.5793 1.0855 3.1720 4.5925 3.9130

In the following tables and figures, we present the results of the above exper-
iment, followed by a discussion of the results. The Standardised L2 Norm values
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TABLE 3.3: Kolmogorov-Smirnov Test Statistic (KSTS) values for the
optimal predicted parameter vectors using each of the strategies and
SMs implemented. The best KSTS values for each parameter are

marked in bold.

Kolmogorov-Smirnov Test Statistic (KSTS)
Strategy Surrogate 1 2 3 4 5 6 7

Random - .0 0.0004 0.0018 0.0034 0.0047 0.0045 0.0043
Sobol - .0 0.0000 0.0035 0.0035 0.0037 0.0042 0.0039

Random
XGBoost .0 0.0008 0.0026 0.0034 0.0041 0.0046 0.0043
DT .0 0.0000 0.0033 0.0028 0.0035 0.0047 0.0038
SVM .0 0.0004 0.0019 0.0037 0.0044 0.0049 0.0047

Sobol
XGBoost .0 0.0003 0.0029 0.0034 0.0045 0.0050 0.0045
DT .0 0.0000 0.0025 0.0027 0.0033 0.0044 0.0039
SVM .0 0.0000 0.0030 0.0029 0.0041 0.0048 0.0043

MSRS
XGBoost .0 0.0009 0.0039 0.0034 0.0038 0.0043 0.0039
DT .0 0.0002 0.0019 0.0032 0.0040 0.0047 0.0045
SVM .0 0.0003 0.0036 0.0031 0.0045 0.0042 0.0034

DYCORS
XGBoost .0 0.0003 0.0023 0.0031 0.0046 0.0042 0.0044
DT .0 0.0003 0.0039 0.0030 0.0033 0.0041 0.0045
SVM .0 0.0000 0.0036 0.0026 0.0041 0.0036 0.0041

CMA-ES
XGBoost .0 0.0004 0.0006 0.0023 0.0051 0.0101 0.0055
DT .0 0.0005 0.0024 0.0018 0.0034 0.0067 0.0046
SVM .0 0.0005 0.0031 0.0018 0.0048 0.0109 0.0060

show the distance between the synthetic parameter vector and the ABMS frame-
work’s optimal prediction. The optimal prediction is the parameter vector (estimate)
with the lowest Kolmogorov-Smirnov Test Statistic (KSTS) value. The sanity check,
from Chapter 2, assesses whether our ABMS framework and a strategy-surrogate
combination can approximate the parameters that generated the synthetic distribu-
tion. The values presented in Table 3.2 are relatively close to zero, which implies
our sanity check holds. Also, we have highlighted the top three lowest Standardised
L2 Norm values for each of the strategy-surrogate combinations considered. The
results show that overall the MSRS and DYCORS strategies can best approximate
the synthetic parameters. In particular, MSRS is relatively good at attaining the syn-
thetic parameters for three or more parameters, whereas DYCORS is relatively good
across all parameters. CMA-ES is relatively good for 1–3 parameters, however, it
falls short compared to the MSRS and DYCORS strategies as the problem’s dimen-
sionality increases. The values presented in both Table 3.2 and Table 3.3 show us that
the Support Vector Machine (SVM) and Decision Tree (DT) surrogate gets a more sig-
nificant majority of optimal values (the lowest values), whereas this is not the case
for XGBoost. However, XGBoost is still relatively optimal.

When parameterising all seven parameters, we see that MSRS SVM, on average,
can approximate the synthetic parameters the best with the lowest Standardised L2
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TABLE 3.4: Probability of reaching success and the speedup acquired
within 98% and 99% of the optimal for seven parameters. The opti-
mal stratey surrogate combination in terms of average accuracy and
speedup are highlighted. In addition, the highest average accuracy

and speedup are marked in bold.

Success Speedup
Strategy Surrogate @98% @99% @98% @99%

Random - 0.85 0.75 0.00 0.00
Sobol - 0.85 0.65 0.00 0.00

Random
XGBoost 0.80 0.70 3.60 2.61
DT 0.85 0.75 3.46 2.61
SVM 0.80 0.70 3.53 2.50

Sobol
XGBoost 0.80 0.70 3.21 2.61
DT 0.80 0.70 4.00 3.10
SVM 0.85 0.70 3.40 2.40

MSRS
XGBoost 0.85 0.70 4.00 2.86
DT 0.85 0.65 3.53 2.31
SVM 0.80 0.70 2.81 2.65

DYCORS
XGBoost 0.85 0.75 3.75 2.90
DT 0.75 0.70 3.16 2.73
SVM 0.85 0.70 3.39 2.81

CMA-ES
XGBoost 0.70 0.55 2.90 2.11
DT 0.75 0.65 3.10 2.65
SVM 0.75 0.60 3.16 2.25

Norm value of 2.3829. In general, looking at Table 3.2 the MSRS and DYCORS strate-
gies can attain the lowest Standardised L2 Norm values overall. The result implies
that MSRS and DYCORS can predict a parameter vector that generates a simulated
infection distribution when run through the ABM, most similar to the synthetic in-
fection distribution.

The KSTS values tell us how close we can get to the synthetic infected cumulative
data distribution. Table 3.3 shows that for one and two parameters, we are still in
a relatively low dimensional space, and as such, the baselines and the surrogate
assisted samplers perform the best. As we increase the dimensionality of the param-
eter space, the CMA-ES strategy is optimal for three and four parameters. When
moving towards a higher dimensional space of five or six parameters, the DYCORS
strategy attains the lowest KSTS value, and for seven parameters, MSRS has the
lowest value. Inspecting Table 3.3 more closely, we note that all techniques can rea-
sonably approximate the synthetic distribution and that no strategy-surrogate com-
bination stands out clearly from the others. In addition, the KSTS values presented
in Table 3.3 are significant regarding the p-values of the Approximate Two-Sample
Kolmogorov-Smirnov test.

The probabilities of reaching an optimal solution (success) within 98% and 99% of
the optimal value are captured in Table 3.4. Success is defined as a measure of sim-
ilarity to the synthetic data distribution. For example, success at 98% implies that
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a method can produce a simulated distribution that is 98% similar to the synthetic
distribution that we try to replicate. In the same table, we also show the speedup
attained by each strategy-surrogate combination. Across all implemented strategy-
surrogate combinations, we obtain a significant speedup compared to the baselines.

Table 3.4 shows that Random, Random DT and DYCORS XGBoost have the high-
est probability of reaching success at 98% and 99% in that specific order. Also, the
Sobol DT, MSRS XGBoost, and DYCORS XGBoost strategy-surrogate combinations
achieve the most speedup. Although Random attains a high probability of reach-
ing success, it is not efficient because it provides no speedup compared to the other
methods. The DYCORS XGBoost strategy-surrogate combination is optimal when
considering both probabilities of reaching success and speedup. One of the limita-
tions is that we can only get 99% accuracy with a 75% probability. This suboptimal
probability means that we would need to run the model more than once to ensure
the correct outcome. Running more than once would negate some of the speedup
achieved. In general, utilising a strategy-surrogate combination that can predict an
optimal parameter vector that perfectly matches the synthetic data distribution in
terms of accuracy and speedup (DYCORS XGBoost) is preferred.

3.9 Conclusion

This chapter implemented a more extensive and adaptive agent-based modelling
and simulation (ABMS) framework. The ABMS framework can effectively swap
out parameterisation strategies and surrogate models (SMs) to parameterise an in-
fectious disease agent-based model (ABM). We show that in terms of the lowest
Kolmogorov-Smirnov Test Statistic (KSTS) values, we achieve better than parity
across all parameters than the surrogate assisted sampling strategies and the base-
lines. The Decision Tree (DT) and the Support Vector Machine (SVM) surrogates are
on par to attain the lowest KSTS values overall, whereas XGBoost falls short slightly.
Using the Standardised L2 Norm values, we show that MSRS and DYCORS are the
best strategies overall for getting closest to the synthetic parameters. In particu-
lar, MSRS SVM gets the closest to the synthetic parameters. One of the significant
challenges in ABMS is that the time required to parameterise an ABM is cumber-
some. We have shown that DYCORS XGBoost attains the highest probability of
replicating the synthetic cumulative data distribution within 98% and 99% success
and achieves the most considerable speedup compared to the baselines and the eval-
uated strategy-surrogate pairs.
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Chapter 4

SIRD vs Complex Agent-Based
Model

4.1 Introduction

This chapter introduces a new Complex Agent-Based Model (ABM) that models a
secondary diffusive process parallel to the infectious disease spread. The secondary
diffusive process models individuals’ awareness (interest) towards the spread of the
infectious disease. In addition, we introduce an approach to the parameterisation
problem calculating the average Kolmogorov Smirnov test statistic (KSTS) value
across all output distributions of the ABM. The results obtained in this chapter show
that:

1. the Complex ABM can approximate the distribution of the real-world infec-
tions better than the SIRD ABM;

2. taking an average KSTS value across all output distributions of the Complex
ABM is more accurate than a single distribution for parameterisation and

3. the Complex ABM using the average KSTS approach can approximate the real-
world cumulative distributions with 77% and 94% accuracy in the worst and
best cases, respectively.

The rest of this chapter is structured as follows. Section 4.2 presents the datasets
used and the relevant pre-processing that has been applied. Section 4.3 introduces
the newly developed Complex ABM. Section 4.4 explains the improved parameter-
isation approach utilising the Approximate Two-Sample Kolmogorov-Smirnov test.
Section 4.5 describes the experiment setup. Section 4.6, presents the results obtained
from the experiments conducted along with a discussion. Lastly, Section 4.7, con-
cludes the chapter.

4.2 Data

4.2.1 Oxford COVID-19 Government Response Tracker

This dataset was downloaded on 02/07/2021 from the Oxford COVID-19 Govern-
ment Response Tracker1 (OXCGRT), where information is collected systematically
regarding government measures taken during the COVID-19 pandemic. The differ-
ent policy measures are tracked from 01/01/2020–02/07/2021, covering more than
180 countries and territories. The policy measures taken are coded into 23 indicators
which are categorised into five groups of which we use the following two:

1https://github.com/OxCGRT/covid-policy-tracker

https://github.com/OxCGRT/covid-policy-tracker
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• C - containment and closure policies and

• H - health system policies.

The indicators are scaled reflecting the severeness of government policy, and in addi-
tion, these values are aggregated into a collection of policy indexes [53]. An index is
calculated using Equation 4.1, where k is the number of component indicators used
and Ij is the sub-index score for an individual indicator.

index =
1
k

k

∑
j=1

Ij (4.1)

The sub-index score (I) for a given indicator (j) on a particular day (t) is calculated
using Equation 4.2, where Nj is the maximum value for the indicator, Fj is a Boolean
value (0 or 1) which is dependant on the indicator having a flag, vj,t is the recorded
policy value and fi,j is the recorded binary flag.

Ij,t = 100
vj,t − 0.5(Fj − f j,t)

Nj
(4.2)

The recorded binary flag indicates whether the policy measure applies to a specific
geographic region within a country or a general policy applied to the entire coun-
try. It is worth noting that the data is not fully complete. Where the recorded policy
value is missing, a conservative assumption was made that the sub-index score is
zero [53].

We use the indicators shown in Table 4.1 and Table 4.2 to calculate a speed restriction
index (SRI), using Equation 4.1, and an interaction radius restriction index (IRRI),
using Equation 4.2, respectively. The ordinal scale represents the range of values
a particular indicator can take, where each varies in the policy measure’s intensity,
with zero being no measure taken.

TABLE 4.1: Table of containment and closure policy indicators used
to calculate the speed restriction index.

Index Name Ordinal Scale Binary Flag

C1 School Closing 0-3 Yes
C2 Workplace Closing 0-3 Yes
C3 Cancel Public Events 0-2 Yes
C4 Restriction on Gatherings 0-4 Yes
C5 Close Public Transport 0-2 Yes
C6 Stay at Home Requirements 0-3 Yes
C7 Restriction on Internal Movement 0-2 Yes
C8 International Travel Controls 0-4 No



Chapter 4. SIRD vs Complex Agent-Based Model 33

TABLE 4.2: Table of health system policy indicators used to calculate
the interaction radius restriction index.

Index Name Ordinal Scale Binary Flag

H1 Public Information Campaigns 0-2 Yes
H2 Testing Policy 0-3 No
H3 Contact Tracing 0-2 No
H6 Facial Coverings 0-4 Yes
H7 Vaccination Policy 0-5 No
H8 Protection of Elderly People 0-3 Yes

4.2.2 COVID-19 Data Repository

This dataset was downloaded on 02/07/2021 from the COVID-19 Data Repository
published by the Center for Systems Science and Engineering2 (CSSE) at John Hop-
kins University [54]. The number of confirmed COVID-19 cases (infections), recov-
eries and deaths for all affected countries are collected and updated daily, starting
from the 22/01/2020–02/07/2021. In Figure 4.1 we show a visual representation of
the COVID-19 data obtained. We pre-processed the dataset to obtain the COVID-19
statistics daily by subtracting the total value on day t + 1 from day t. A seven-
day moving average is calculated across each distribution in order to smooth out
the data. We then segment out a portion of the total dataset between the dates
05/10/2020–02/07/2021. The segmented portion is broken up into three time pe-
riods which can be seen in Figure 4.2, Figure 4.3 and Figure 4.4, where each time
period is equal to 90 days. In Figure 4.2, we can see an increasing trend is captured
regarding infections, recoveries and deaths. In Figure 4.3, both a peak of one of the
waves of the pandemic experienced in South Africa is captured. Lastly, in Figure 4.4
we observe another increasing trend. It is worth noting that these figures represent
the data explicitly for South Africa. The other countries that we have included in
our experimentation, as seen in Table 4.5 may exhibit different trends.
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FIGURE 4.1: CSSE dataset containing the confirmed COVID-19 cases
(infections), recoveries and deaths for South Africa between dates

22/01/2020–02/07/2021.

2https://github.com/CSSEGISandData/COVID-19

https://github.com/CSSEGISandData/COVID-19
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FIGURE 4.2: Time Period 1 – Pre-processed CSSE dataset contain-
ing the number of daily COVID-19 cases (infections), recoveries and

deaths for South Africa between dates 05/10/2020–02/01/2021.
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FIGURE 4.3: Time Period 2 – Pre-processed CSSE dataset contain-
ing the number of daily COVID-19 cases (infections), recoveries and

deaths for South Africa between dates 03/01/2021–02/04/2021.
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FIGURE 4.4: Time Period 3 – Pre-processed CSSE dataset contain-
ing the number of daily COVID-19 cases (infections), recoveries and

deaths for South Africa between dates 03/04/2021–02/07/2021.
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4.2.3 Google Trends Dataset

Google Trends is a search trend feature, which shows how often a given search term
is entered into Google’s search engine. The search frequency relative to the total
search volume over a given period of time is recorded weekly. The data recorded
is anonymous, aggregated, and categorised into groups (regions). We have down-
loaded the dataset, using the search term covid19 between the period 05/07/2020–
27/06/2021, on the 02/07/2021. The values for each week have been interpolated
to convert the data to a daily scale. In addition, we have calculated a seven day
moving average over the data in order to smooth out the distribution. In Figure 4.5,
Figure 4.6 and Figure 4.7, we show the processed Google Trends dataset across the
time periods 05/10/2020–02/01/2021, 03/01/2021–02/04/2021 and 03/04/2021–
02/07/2021, respectively. The search data shows increasing and decreasing trends
for the different time periods.
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FIGURE 4.5: Google Trends Data using the search term covid19, across
the time period 05/10/2020–02/01/2021 for South Africa.
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FIGURE 4.6: Google Trends Data using the search term covid19, across
the time period 03/01/2021–02/04/2021 for South Africa.

4.3 Complex Agent-Based Model

We have developed a Complex agent-based model (ABM), which builds on the
Susceptible-Infected-Recovered-Dead (SIRD) ABM, introduced in Chapter 2, incor-
porating two data streams that influence agents’ behaviour. In addition, the spread
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FIGURE 4.7: Google Trends Data using the search term covid19, across
the time period 03/04/2021–02/07/2021 for South Africa.

of interest towards the virus within the population is modelled in parallel. The SRI
and IRRI indexes from Section 4.2.1 are used to modify the speed at which agents
move within the environment and the maximum distance for the contact between
two agents, respectively. The new ABM takes in 13 parameters, which can be seen
in Table 4.3, where we try to find parameter values that allow the ABM to match
the real-world data. The model’s output contains four distributions relating to daily
infections, recoveries, deaths and interest of the modelled population. We intro-
duced two new ∆ parameters, parameters 8 and 10 in Table 4.3, which are used to
update an agent’s speed and interaction radius, respectively. These ∆ parameters
are used to reduce an agent’s speed and interaction radius proportionally to the SRI
and IRRI indexes. In addition, we allow the number of initially infected and ini-
tially interested agents to be set as parameters that we parameterise. The initially
infected agents are divided into bins, where the number of bins is equal to the dis-
ease infection period. We then set the agents’ days infected attribute equal to the bin
in which the agent resides. A similar process is carried out for initially interested
agents, where the bin size is equal to the interest infection period. The purpose of
this is to allow the ABM to step in at any given point during an epidemic. Lastly,
we model the spread of awareness (interest) using a renamed version of the stan-
dard Susceptible-Infected-Recovered (SIR) framework. The new framework, Not
Informed-Interested-Uninterested (NIU), which we can see in Figure 4.8, is renamed
to relate to the transmission dynamics of interest. Modelling the spread of interest
to the virus within the population shows the increased complexity an ABM can in-
corporate. The spread of interest within the model does not affect the spread of the
disease at this stage as we have no real-world data which maps the relationship be-
tween the spread of interest and COVID-19. The Google Trends dataset is used to
parameterise the interest transmission dynamics of the model.

4.4 Average Kolmogorov-Smirnov Test Statistic

Previously, in Chapter 2 we have used the Approximate Two-Sample Kolmogorov-
Smirnov Test to measure the similarity between two time-series distributions. The
Kolmogorov-Smirnov test statistic (KSTS) is a value between (0, 1), which servers
as the metric for the similarity between the distributions in comparison. As the
KSTS value tends to zero, the similarity between the two distributions increases and
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TABLE 4.3: Table of the ranges for each parameter value of the
ABM that we have considered for parameterisation. Parameters
1, 2, 4, 5, 9, 10 and 11 are sampled between the range (0, 1). Parameters
7 and 8 are sampled between the range (0, 0.022) to mimic real world
interaction as the space defined is bounded by (1, 1). Parameters 3
and 6 are sampled between the range (0, 90) days. Lastly, parameters
12 and 13 are sampled between (1, NAgents), where NAgents represents

the number of agents within the modelled population.

Parameters Range

1. Disease Transmission Probability (0.0, 1.0)
2. Disease Reinfection Probability (0.0, 1.0)
3. Disease Infection Period (0, 90) days
4. Interest Transmission Probability (0.0, 1.0)
5. Interest Reinfection Probability (0.0, 1.0)
6. Interest Infection Period Time (0, 90) days
7. Interaction Radius (0.0, 0.022)
8. ∆Interaction Radius (0.0, 0.022)
9. Speed (0.0, 1.0)
10. ∆Speed (0.0, 1.0)
11. Death Rate (0.0, 1.0)
12. Initial Infected (0, NAgents)
13. Initial Interested (0, NAgents)

Interested

Not Informed

Uninterested

FIGURE 4.8: Not Informed-Interested-Uninterested Transmission Dy-
namics.

as the KSTS value tends to one, the similarity between the two distributions de-
crease. The Kolmogorov-Smirnov test used in Chapter 2 compares the similarity
between the cumulative daily infections distribution produced by the ABM and the
synthetic daily infections distribution. The average KSTS is calculated by comput-
ing the KSTS value between each output distribution produced by the ABM to its
corresponding real-world/synthetic distribution. The average KSTS is used by the
improved ABMS framework, introduced in Chapter 3, to calibrate the ABM towards
real-world/synthetic distributions.

4.5 Experiment Setup

In this chapter, we have performed two main experiments. The first experiment
compared the performance between the SIRD ABM used in Chapter 2 and the newly
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constructed Complex ABM. In experiment one, we parameterised both ABMs to-
wards the distribution of the daily infections obtained from the real world for each
time period. The second experiment evaluated the benefit of including all the out-
put distributions within the KSTS calculation versus a single output distribution.
The real-world data has been split up into three time periods listed below:

• Period 1: 05/10/2020 – 02/01/2021

• Period 2: 03/01/2021 – 02/04/2021

• Period 3: 03/04/2021 – 02/07/2021

where each time period is of length 90 (days). We have arbitrarily selected seven
countries for our experiment shown in Table 4.4, where we see the corresponding
number of confirmed COVID-19 cases to date which vary between each country. We
have conducted a total of 63 experiments.

The DYCORS XGBoost strategy-surrogate pair was chosen for this experiment based
off the results seen in Chapter 3. The following initial configurations were set as:
MIN Budget = 500, MAX Budget = 2500, Batch Size = 250 and KSTS Threshold = 0.005
(≈ 99.5% similar to the input distribution). The surrogate-strategy pair selected pre-
dicts the real label (KSTS value), hence, we used RMSE to measure the surrogates
performance after each mini-batch, where the RMSE Threshold = 0.001.

4.5.1 Hardware Specifications

The machine used to run our experiments consisted of an Intel Xeon CPU E5-2683
v4 @ 2.10GHz processor with 64 CPUs and 256GB of RAM using the Ubuntu 18.04.4
LTS operating system.

TABLE 4.4: Table of the countries we have used in our experi-
ment along with their confirmed number of COVID-19 cases to date

(02/07/2021).

Countries Confirmed Cases

South Africa 2 019 826
Egypt 281 722
France 5 780 648
Germany 3 737 611
India 30 501 189
Italy 4 261 579
United Kingdom 4 854 367

4.6 Results and Discussion

In the following tables and figures, we present the results of the above experiments,
followed by a discussion of the results. The values presented in Table 4.5 shows a
comparison between the Susceptible-Infected-Recovered-Dead (SIRD) agent-based
model (ABM), introduced in Chapter 2, and the Complex ABM for each time period,
parameterising the model towards the distribution of the real-world infections only.
The values presented in Table 4.6, Table 4.7 and Table 4.8 show parameterising the
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Complex ABM towards a single data distribution in comparison to all data distribu-
tions.

The Kolmogorov-Smirnov test statistic (KSTS) values presented in Table 4.5 shows
that the Complex ABM is able to approximate the cumulative daily infections dis-
tribution with a tighter fit than the SIRD ABM for each country. The SIRD ABM
outperforms the Complex ABM in Time Period 2 for France. The same result is ob-
served in Time Period 3 for South Africa and the United Kingdom. However, on
average, the Complex ABM across each time period outperforms the SIRD ABM by
attaining a KSTS value that is closer to zero.

TABLE 4.5: Comparison of KSTS values between the SIRD ABM and
the Complex ABM, calibrating the models towards number of daily
infections, between the time periods 05/10/2020 – 02/01/2021 (Time
Period 1), 03/01/2021 – 02/04/2021 (Time Period 2) and 03/04/2021
– 02/07/2021 (Time Period 3). The time periods and corresponding
countries where the SIRD model was optimal is highlighted. In ad-
dition, we have marked the optimal average for each time period in

bold.

Country ABM Time Period 1 Time Period 2 Time Period 3 Average

South Africa
SIRD 0.07 0.18 0.04 0.10
Complex 0.04 0.09 0.06 0.06

Egypt
SIRD 0.09 0.25 0.28 0.21
Complex 0.05 0.03 0.04 0.04

France
SIRD 0.47 0.04 0.22 0.24
Complex 0.09 0.06 0.03 0.06

Germany
SIRD 0.29 0.25 0.30 0.28
Complex 0.04 0.03 0.06 0.05

India
SIRD 0.17 0.15 0.63 0.31
Complex 0.02 0.18 0.05 0.08

Italy
SIRD 0.53 0.15 0.15 0.28
Complex 0.08 0.05 0.04 0.06

United Kingdom
SIRD 0.08 0.21 0.10 0.13
Complex 0.08 0.02 0.14 0.08

The values presented in Table 4.6, Table 4.7 and Table 4.8 show the difference be-
tween parameterising towards a single KSTS value in comparison to taking an aver-
age of each KSTS value per output distribution. The Single parameterisation model
is able to approximate the distribution of the daily infections with a tighter fit to the
real-world data in contrast to the Average model. However, the Average model ap-
proximates the remaining three real-world data distributions better than the single
model. Hence, on average, across each time period, the Average model performs
better overall as it is able to attain an average KSTS value closer to zero.

The performance on average between the Single and Average Complex ABM is
shown in Figure 4.9, Figure 4.10 and Figure 4.11. Performance is measured in terms
of the percentage of similarity to the real-world distributions. In Figure 4.9, the sin-
gle model does poorly for Egypt, South Africa and the United Kingdom, whereas the
average model appears more stable given the variety of countries. A similar result is
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TABLE 4.6: Comparison of KSTS values between the single KS Test
and the average KS Test for the time period 05/10/2020 – 02/01/2021.

The average optimal values are marked in bold.

Country KS Test Infections Recoveries Deaths Interest Average

South Africa
Single 0.04 0.73 0.67 0.57 0.50
Average 0.47 0.07 0.07 0.11 0.18

Egypt
Single 0.05 0.54 1.00 0.60 0.55
Average 0.38 0.11 0.09 0.19 0.19

France
Single 0.09 0.26 0.36 0.36 0.26
Average 0.11 0.10 0.16 0.06 0.11

Germany
Single 0.04 0.09 0.12 0.80 0.26
Average 0.04 0.11 0.08 0.27 0.12

India
Single 0.02 0.12 0.15 0.48 0.19
Average 0.03 0.07 0.05 0.25 0.10

Italy
Single 0.08 0.25 0.32 0.61 0.32
Average 0.10 0.13 0.06 0.32 0.15

United Kingdom
Single 0.08 0.96 0.98 0.54 0.64
Average 0.14 0.16 0.06 0.07 0.11

TABLE 4.7: Comparison of KSTS values between the single KS Test
and the average KS Test for the time period 03/01/2021 – 02/04/2021.
The average optimal values are marked in bold. Additionally, the

optimal results are highlighted in grey.

Country KS Test Infections Recoveries Deaths Interest Average

South Africa
Single 0.09 0.49 0.49 0.72 0.45
Average 0.12 0.11 0.08 0.10 0.10

Egypt
Single 0.03 0.10 0.05 0.61 0.20
Average 0.04 0.05 0.04 0.10 0.06

France
Single 0.06 0.04 0.05 0.61 0.19
Average 0.13 0.09 0.04 0.04 0.08

Germany
Single 0.03 0.22 0.29 0.33 0.22
Average 0.13 0.05 0.08 0.09 0.09

India
Single 0.18 0.15 0.17 0.28 0.19
Average 0.27 0.09 0.11 0.10 0.14

Italy
Single 0.05 0.17 0.28 0.28 0.19
Average 0.07 0.04 0.04 0.11 0.06

United Kingdom
Single 0.02 0.19 0.23 0.65 0.27
Average 0.08 0.10 0.10 0.18 0.11

shown in Figure 4.10 and Figure 4.11 for South Africa using where the Single model
does poorly, and the Average model appears more stable than the Single model.

We have selected the worst and best configurations from the results presented in Ta-
ble 4.6, Table 4.7 and Table 4.8 for the Average model to visualise. In Figure 4.12 we
show a comparison between the real-world and the predicted data distributions for
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TABLE 4.8: Comparison of KSTS values between the single KS Test
and the average KS Test for the time period 03/04/2021 – 02/07/2021.
The average optimal values are marked in bold. Additionally, the best
and worst results are highlighted in dark and light grey, respectively.

Country KS Test Infections Recoveries Deaths Interest Average

South Africa
Single 0.06 0.64 0.78 0.74 0.56
Average 0.35 0.35 0.12 0.11 0.23

Egypt
Single 0.04 0.12 0.10 0.35 0.15
Average 0.05 0.07 0.06 0.06 0.06

France
Single 0.03 0.24 0.26 0.32 0.21
Average 0.19 0.08 0.11 0.05 0.11

Germany
Single 0.06 0.45 0.42 0.47 0.35
Average 0.16 0.08 0.10 0.09 0.11

India
Single 0.05 0.20 0.16 0.49 0.22
Average 0.14 0.14 0.08 0.14 0.12

Italy
Single 0.04 0.48 0.48 0.64 0.41
Average 0.14 0.05 0.20 0.03 0.11

United Kingdom
Single 0.14 0.37 0.23 0.58 0.33
Average 0.29 0.13 0.08 0.21 0.18
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FIGURE 4.9: Performance comparison plot between the single KS Test
and the average KS Test for time period 05/10/2020–02/01/2021.

the worst average KSTS value obtained, where the similarity to the real-world dis-
tributions is 77%. In addition, we show the corresponding cumulative distributions
plot in Figure 4.13, where the cumulative distributions are what the ABMS frame-
work uses to parameterise the ABM. It can be seen in Figure 4.12 that the Average
model’s prediction of the real-world for infections and recoveries are less similar in
comparison. While in Figure 4.13 the predicted distributions for deaths and interest
approximately resembles the trend of the real world. The rate at which infections
and recoveries spike in Figure 4.12 is noticeable in comparison to the real world,
which shows a gradual increase. In Figure 4.14 we show a comparison between the
real-world and the predicted data distributions for the best average KSTS value ob-
tained, where the similarity to the real-world distributions is 94%. The best results
were obtained in Table 4.7 (Time Period 2) for Egypt and Italy and in Table 4.8 (Time
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FIGURE 4.10: Performance comparison plot between the single KS
Test and the average KS Test for time period 03/01/2021–02/04/2021.
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FIGURE 4.11: Performance comparison plot between the single KS
Test and the average KS Test for time period 03/04/2021–02/07/2021.

Period 3) for Egypt. The trend is similar to the real world but not exact. In Fig-
ure 4.15 we show the corresponding cumulative distributions plot, where it can be
seen that the fit between the real-world and the prediction is significantly closer in
comparison to Figure 4.13.

4.7 Conclusion

This chapter presents a new Complex agent-based model (ABM), which models a
secondary diffusive process parallel to the infectious disease spread. In addition,
the new model can incorporate additional data distributions, which in turn mod-
erate the rate at which an agent moves and interacts within the environment. This
mechanism allows the agents to assimilate real-world dynamics corresponding to
the policy measures enforced in the real world. We show that the Complex ABM
performs better than the Susceptible-Infected-Recovered-Dead (SIRD) ABM when
parameterising the real-world daily infections distribution. We have also evaluated
the benefit of parameterising the ABM towards a single data distribution compared
to averaging across them all. We show that there is significant merit to parameterise
an ABM taking into account all output data distributions. We also note there is inher-
ent scale variance between our models’ number of agents and the number of people
in the real world. Hence, we parameterise the cumulative distributions, which are
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FIGURE 4.12: Comparison between the real world and the predicted
data distributions for South Africa using the Average model during

the third time period.
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FIGURE 4.13: Comparison between the real world and the predicted
cumulative distributions for South Africa using the Average model

during the third time period.

scale-invariant. Lastly, we have also shown that we can approximate the real-world
distributions with 77% and 94% accuracy in the worst and best cases, respectively.
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FIGURE 4.14: Comparison between the real world and the predicted
data distributions for Egypt using the Average model during the sec-

ond time period.
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FIGURE 4.15: Comparison between the real world and the predicted
cumulative distributions for Egypt using the Average model during

the second time period.
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Chapter 5

Surrogate Agent-Based Model

5.1 Introduction

This chapter evaluates the Long Short-Term Memory recurrent neural network (RNN)
to replace the simulation model used within the agent-based modelling and simula-
tion (ABMS) framework. The results obtained in this chapter show that:

• the LSTM network can assimilate the overall accuracy of the Complex ABM
and

• using the LSTM network to replace the simulation model significantly reduces
the parameterisation time within the ABMS framework.

The rest of this chapter is structured as follows. Section 5.2 explains the training data
used to train the LSTM model. Section 5.3 presents the LSTM network architecture
used. Section 5.4 describes the experiments conducted in this chapter. Section 5.5
presents the results obtained from carrying out the experiments along with a discus-
sion. Lastly, Section 5.6, concludes the chapter.

5.2 Data

The data that is used in this chapter is generated using the Complex agent-based
model (ABM) introduced in Chapter 4. The Complex ABM requires an input pol-
icy measure distribution, which governs the speed at which agent’s move and in-
teract within the environment. Based on the results obtained from Chapter 4, we
have selected the configuration that attains the best approximation to the real world.
The policy measure distribution for the country Egypt between the time period
03/01/2021 – 02/04/2021 was selected. We have randomly created 10000 param-
eter vector combinations between the ranges outlined in Table 5.1 using a pseudo-
random sampling mechanism. Each vector is fed into the Complex ABM, and the
corresponding simulation data is generated. The simulation data records the num-
ber of daily infections, recoveries, deaths and interest for the entire population across
a 90 day time period.

5.3 Long Short-Term Memory Recurrent Neural Network

The Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN)
that was proposed by Hochreiter and Schmidhuber [32] to overcome the vanishing
gradient problem in standard RNNs. The LSTM architecture is well known for its
ability in capturing long-term temporal dependencies and has been used previously
in speech recognition, traffic flow prediction and text generation problems [34]–[36].
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TABLE 5.1: Table of the ranges for each parameter value of the
ABM that we have considered for parameterisation. Parameters
1, 2, 4, 5, 9, 10 and 11 are sampled between the range (0, 1). Parameters
7 and 8 are sampled between the range (0, 0.022) to mimic real world
interaction as the space defined is bounded by (1, 1). Parameters 3
and 6 are sampled between the range (0, 90) days. Lastly, parameters
12 and 13 are sampled between (1, NAgents), where NAgents represents

the number of agents within the modelled population.

Parameters Range

1. Disease Transmission Probability (0.0, 1.0)
2. Disease Reinfection Probability (0.0, 1.0)
3. Disease Infection Period (0, 90) days
4. Interest Transmission Probability (0.0, 1.0)
5. Interest Reinfection Probability (0.0, 1.0)
6. Interest Infection Period Time (0, 90) days
7. Interaction Radius (0.0, 0.022)
8. ∆Interaction Radius (0.0, 0.022)
9. Speed (0.0, 1.0)
10. ∆Speed (0.0, 1.0)
11. Death Rate (0.0, 1.0)
12. Initial Infected (1, NAgents)
13. Initial Interested (1, NAgents)

In this chapter, we use the LSTM network to replace the Complex agent-based model
(ABM) within the improved ABMS framework, introduced in Chapter 3. In Fig-
ure 5.1, we can see a diagrammatic representation of the LSTM network architecture
used. The LSTM network consists of four layers in total. The first layer in the net-
work is a dense layer, where the number of neurons matches the input’s size. The
subsequent two layers are hidden layers consisting of 180 and 270 LSTM units, re-
spectively. The last layer in the network is a dense layer, where the number of neu-
rons matches the output’s size. The size of the input and output layers of the LSTM
network corresponds to the input and output of the Complex ABM, introduced in
Chapter 4. The network is trained using machine learning techniques, where Equa-
tion 5.1 is used to calculate the training and validation loss at each epoch.

RMSE =

√
∑N

i=1(yi − ŷi)2

N
(5.1)

5.4 Experiment Setup

The experiments carried out in this chapter were split into two parts. First, we
trained a Long Short-Term Memory (LSTM) recurrent neural network using the gen-
erated agent-based model (ABM) data. The dataset was split using an 80/20 train
test split. In order to maximise the variation in candidate type seen by the LSTM, k-
fold cross-validation was used during training, where k = 7. The model was trained
for 2000 epochs with early stopping. The model which achieved the lowest valida-
tion RMSE was selected to be used as a replacement to the Complex ABM within
the improved ABMS framework, introduced in Chapter 3. The second experiment
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FIGURE 5.1: Long Short-Term Memory Network Architecture.

parameterised the LSTM network within the ABMS framework to attain a cumula-
tive data distribution close to the real world. This experiment aimed to validate the
use of the LSTM network as a suitable replacement to the simulation model for the
parameterisation task within the framework.

The following initial ABMS framework configurations were set as: MIN Budget =
500, MAX Budget = 2500, Batch Size = 250 and KSTS Threshold = 0.005 (≈ 99.5%
similar to the input distribution). The strategy-surrogate pair selected predicts the
real label (KSTS value), hence, we used RMSE where the RMSE Threshold = 0.001
to measure the surrogates performance. The DYCORS XGBoost parameterisation
strategy-surrogate pair was chosen for this experiment based off the optimal results
seen in Chapter 3. In addition, the average candidate evaluation time, average strat-
egy time and total ABMS framework time are tracked.

5.4.1 Hardware Specifications

5.4.1.1 Experiment 1

The machine used to run this experiment consisted of an AMD Ryzen 7 3700x 8-core
CPU, 16GB of RAM and a GeForce RTX 2070 SUPER/PCIe/SSE2 using the Ubuntu
18.04.5 LTS operating system.

5.4.1.2 Experiment 2

The machine used to run this experiment consisted of an Intel Xeon CPU E5-2683
v4 @ 2.10GHz processor with 64 CPUs and 256GB of RAM using the Ubuntu 18.04.4
LTS operating system.
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5.5 Results and Discussion

In the following tables and figures, we present the results of the above experiments,
followed by a discussion of the results. The parameterisation results obtained for
the optimal results presented in Chapter 3 and Chapter 4 are used as a baseline for
the second experiment. The configuration of the optimal results consisted of the
DYCORS XGBoost parameterisation strategy, the average Kolmogorov-Smirnov test
statistic (KSTS) approach and the Complex agent-based model (ABM) for Egypt dur-
ing the time period 03/01/2021–02/04/2021.

In experiment one, we train the Long Short-Term Memory (LSTM) network using
the ABM data. The performance of the LSTM network was evaluated using Equa-
tion 5.1, where the model with the lowest validation RMSE was selected as the op-
timal. In Figure 5.2 and Figure 5.3, we can see the RMSE during training and val-
idation for each epoch, respectively. The early stopping criteria is activated during
folds 1, 2, 3, 5 and 6. In folds 4 and 7, the RMSE loss decreases until the total number
of epochs are reached. In Figure 5.3, the LSTM network trained on Fold 4 attains the
lowest validation accuracy and hence was selected as the optimal model.
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FIGURE 5.2: Comparison between the training RMSE obtained by the
LSTM network in Figure 5.1 for each kth fold, using early stopping.
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the LSTM network in Figure 5.1 for each kth fold, using early stop-

ping.
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In order to assess that the LSTM works as expected within the ABMS framework,
we parameterise the LSTM network to the cumulative data distributions of a sim-
ulated epidemic based on the optimal parameter vector predicted for Egypt during
the time period 03/01/2021 – 02/04/2021. We ran 30 ABM simulations using the
optimal predicted parameter vector from Chapter 4 and compared that to the pre-
diction of the LSTM. In Figure 5.4, we can see those data distributions of the 30
ABM simulations, which have been plotted with an alpha value and the average
prediction plotted by the solid line. In addition, the LSTM and the real-world data
are plotted alongside for comparison. The overall trend of the LSTM’s prediction is
more stable than the Complex ABM. Thus, the LSTM is able to reduce the stochastic-
ity of the ABM, producing a smoother approximation. In Figure 5.5, we can see the
cumulative distribution of the same result. In addition, we can see that the LSTM can
approximate the distribution of the deaths with a tighter fit, whereas the Complex
ABM can approximate interest with a better fit. Looking at Figure 5.5, it is worth
noting that the cumulative distribution can also reduce the stochasticity of the sim-
ulation.
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FIGURE 5.4: Data distribution of parameterising the LSTM network
to an epidemic simulation of the optimal prediction for Egypt during

the time period 03/01/2021 – 02/04/2021.

The second experiment consists of replacing the ABM within the ABMS framework
with the pre-trained LSTM network. In Table 5.2 we compared the approximation
to the real-world distributions between the Complex ABM and the LSTM network
using the average KSTS value. The Complex ABM can approximate the cumulative
real-world distributions with an overall similarity of 94%. Similarly, the LSTM net-
work can approximate the cumulative real-world distributions with the same overall
accuracy. However, we can see in Table 5.2 that the KSTS value between each cumu-
lative distribution for the Complex ABM and the LSTM varies. In particular, the
Complex ABM can better approximate interest, whereas the LSTM is able to better
approximate deaths.
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FIGURE 5.5: Cumulative distribution of parameterising the LSTM
network to an epidemic simulation of the optimal prediction for

Egypt during the time period 03/01/2021 – 02/04/2021.

TABLE 5.2: Comparison of the KSTS values between the using the
Complex ABM and the LSTM within the ABMS framework for Egypt

during the time period 03/01/2021 – 02/04/2021.

Simulation Type Infections Recoveries Deaths Interest Average

Complex ABM 0.04 0.05 0.04 0.10 0.06
LSTM 0.05 0.04 0.02 0.14 0.06

The values presented in Table 5.3 represent the time in seconds for three different
areas within the ABMS framework, which deals with the ABM. The average param-
eter evaluation time, average strategy time and the overall ABMS framework time
is recorded. We can see looking at Table 5.3 there is a significant reduction in speed
attained by using the LSTM as a replacement for the Complex ABM. In Table 5.4, we
measure the speed up achieved in each sector that was measured by time. It is clear
to see that the speedup attained by the LSTM over the Complex ABM is remarkable.

TABLE 5.3: Comparison between the Complex ABM and the LSTM
network for the time taken in seconds for each part of the ABMS

framework that deals with parameter evaluation.

Simulation Type Parameter Evaluation Strategy ABMS Framework

Complex ABM 2.766 1369.467 26799.089
LSTM 0.001 33.957 9.481
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TABLE 5.4: Comparison between the speed up achieved by the LSTM
as a replacement for the Complex ABM within the ABMS framework.

Simulation Type Parameter Evaluation Strategy ABMS Framework

Complex ABM - - -
LSTM 2709 40 2827

5.6 Conclusion

In this chapter, we have evaluated the Long Short-Term Memory (LSTM) network
as a replacement to the Complex agent-based model (ABM) used within the agent-
based modelling and simulation (ABMS) framework. A set of random parameter
vectors were generated and passed to the ABM to generate the training data for the
LSTM network. Since we are comparing the outputs of our experiments to the opti-
mal configuration observed in Chapter 4, the ABM was initialised to use the policy
distributions for Egypt during the time period 03/01/2021 – 02/04/2021. The LSTM
and Complex ABM can approximate the real-world cumulative distributions with
the same overall accuracy of 94%. However, the accuracy between the individual
output distributions vary. In addition, the speedup obtained using the LSTM as a
replacement to the Complex ABM within the ABMS framework is remarkable. The
average parameter evaluation time, the average strategy time and the total ABMS
framework time are drastically reduced using the LSTM network. While the initial
training time of the LSTM is expensive, the overall speedup achieved is still a signifi-
cant reduction compared to the Complex ABM. The above results lead to the answer
in determining the trade-off between accuracy and efficiency regarding using a ma-
chine learning model to replace the simulation model. It is also worth noting that
the performance of the LSTM is dependent on the accuracy of the Complex ABM to
the real world.
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Chapter 6

Conclusion

Accurate and efficient simulation models for decision analysis and policy-making
during an epidemic are vital for preventing infectious diseases. Agent-based mod-
els (ABMs) are more complex than previously used compartmental models to this
problem. However, there are limitations in ABMS such as model validation, param-
eter calibration and long simulation time [2], [3]. Surrogate models (SM) learned
through machine learning (ML) algorithms can function as a computational approx-
imation to an agent-based model (ABM). However, they are potentially less accurate
than the original ABM [5], [6]. In addition, they can be used to aid parameter space
exploration and calibration.

An agent-based modelling and simulation (ABMS) framework was developed to
compare surrogate-assisted sampling methods for comparison. The results obtained
show that standard sampling approaches such as Random and Sobol cannot effi-
ciently search the parameter space of an ABM. However, a surrogate assisted sam-
pling approach can attain a closer approximation to the cumulative data distribu-
tions used to parameterise the ABM.

An improved version of the ABMS framework is created to assist the evaluation
of different surrogate assisted parameterisation strategies in general. Surrogate as-
sisted optimisation strategies from the literature have been modified to work as pa-
rameterisation strategies. In addition, a new evolutionary parameterisation strategy
is presented. Through the improved ABMS framework, we evaluated and identi-
fied the optimal strategy-surrogate combination in terms of accuracy and efficiency.
The Dynamic Coordinate Search Using Response Surface Models (DYCORS) strat-
egy using the XGBoost SM parameterised the Susceptible-Infected-Recovered-Dead
(SIRD) ABM towards a synthetic epidemic with the highest accuracy on average and
the most speedup.

A new Complex ABM is introduced, which models two diffusive processes in par-
allel. The first process models the spread of the infectious disease within the pop-
ulation, and the second models individuals interest in the spread of the disease. In
addition, the Complex ABM incorporates the policy measures set out by the govern-
ment of a particular country to regulate the speed at which agents move and interact
within their environment. The accuracy between the SIRD and Complex ABMs are
compared through the ABMS framework to the real-world distribution of infections
for the COVID-19 virus across three time periods. The Complex ABM approximates
the real-world infections better than the SIRD ABM across the time periods consid-
ered.
Further, an average similarity value across each output distribution of the Complex
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ABM is used for parameterisation compared to using a single distribution. The av-
erage approach is superior and more stable than the single distribution approach
across the different countries evaluated. The ABMS framework was able to attain an
overall similarity score of 77% and 94% accuracy in the worst and best cases, respec-
tively, compared to the real-world distributions.

A Long Short-Term Memory (LSTM) recurrent neural network is proposed as an
alternative to the Complex ABM to tackle long simulation time. The LSTM network
can assimilate the dynamics of the Complex ABM with on par accuracy. In addition,
the LSTM network significantly reduces the parameterisation time.

Through the research conducted in this dissertation, it has been shown that surro-
gate assisted sampling approaches are better in terms of accuracy than stand-alone
sampling methods. Therefore a more complex sampling approach is well suited
for parameter space exploration. Surrogate models can aid parameterisation strate-
gies reducing parameter exploration time whilst still maintaining accuracy. An ABM
that incorporates more complexity can approximate the real-world data with greater
accuracy and stability than more straightforward approaches. Lastly, a surrogate re-
placement in the form of an LSTM network can maintain accuracy with regards to
the ABM whilst significantly reducing simulation time. The future work of this re-
search aims to explore the use of a surrogate model within reinforcement learning,
where a simulation model is not available.
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