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Abstract

Understanding the dynamics of infectious disease spread is crucial to improv-
ing public health. Traditional surveillance relies on observations gathered in
public health institutions, which can result in delays due to the time taken
to collect and publish data and account for only a subset of all individuals
infected. Digital data can used to improve models of epidemiology, but come
with their own inherent biases that need to be considered and accounted for
when modelling. In this thesis we examine how digital datasets can be used
to understand and improve models of infectious disease surveillance, using
Bayesian statistical methods to infer latent parameters, and stochastic mod-
els to forecast observations of disease transmission. Specifically, Chapter 3
examines participation bias in a voluntary digital health surveillance plat-
form to improve on disease prevalence estimates and analyse the observation
process. This is further extended in Chapter 4 where we explore the predic-
tors in receiving an influenza test from a primary care physician using the
digital health surveillance platform. Traditional data sources contain infor-
mation on all individuals that receive a test, but excludes those who were
ill and were not given or refused a test. We then develop modelling tech-
niques to understand and forecast the spread of SARS-CoV-2 (COVID-19)
in all jurisdictions of Australia in Chapter 5. A hierarchical model using
social mobility metrics and behavioural surveys is combined with historical
case data to link social distancing to estimates of the reproduction number
over time in each jurisdiction. The social distancing trends are forecasted,
and a branching process model used to simulate COVID-19 over time from
the forecasted reproduction number. This branching process model is then
adapted to examine the effectiveness of a range of contact tracing strategies
in Chapter 6. A case study in using performance metrics to determine health
systems under stress is examined. Throughout this thesis we emphasise the
importance of using Bayesian methods to understand the uncertainty of our
estimates and the importance of uncertainty in decision making, particularly
in public health contexts.
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Chapter 1

Introduction

Modelling the spread of infectious diseases is a substantial public health
concern. This cannot be more apparent than in the appearance of a novel
disease, such as the 2009 H1N1 swine flu pandemic or the 2020 SARS-CoV-2
pandemic. With human respiratory diseases, transmission commonly occurs
through contact with infected individuals, and is therefore highly sensitive
to human behaviours. Behaviours ranging from hand washing, avoidance
of high transmission risk areas, social isolation and quarantining of infected
individuals all have significant implications for the rate of disease transmis-
sion. By examining how individual or collective behaviour can influence the
dynamics of epidemics, models of infectious disease spread can better reflect
the actual dynamics, particularly in rapidly evolving scenarios.

Reliable and frequent observations of disease transmission are crucial to
understanding the dynamics of infectious disease spread. However, there
are many challenges in estimating disease activity and forecasting infectious
cases, given that disease transmission is largely unobserved, and progression
to symptoms, if at all, may take days to weeks, before finally leading to
observation. Traditional surveillance relies on observations gathered in phys-
ical public health institutions, such as hospital admissions and notifications
of laboratory confirmed cases. This may limit analyses of disease dynamics
due to the time taken to collect, collate, confirm and publish, resulting in
substantial delay between observation of illness and confirmation [10, 104].
The observations in traditional surveillance also only account for a subset of
all individuals infected, which are often those with severe symptoms, health
conscious, or with greater access to health care. These differences can signif-
icantly alter our understanding of disease transmission [73].

1



2 Chapter 1. Introduction

Following the challenges of observing disease transmission, are the challenges
in then using those observations to generate models for prediction and fore-
casting. Epidemic forecasting has been likened to weather prediction in its
scale and complexity [83], but unlike the weather, changes in human be-
haviour, through awareness of disease, knowledge of the forecasts predictions
and social distancing interventions, can change the actual outcome. The dy-
namics of human behaviour, whether influenced through public health pol-
icy or individual risk perception, are complex, uncertain phenomena in their
own right, without the additional challenge of accounting for this in epidemic
models. This uncertainty makes Bayesian methods a natural choice for in-
ferring model parameters, where uncertainty in both the process and the
inference can be incorporated in forecasts.

In this thesis we examine how digital data sets can be used to understand and
improve models of infectious disease surveillance, using Bayesian statistical
methods to infer latent parameters, and stochastic epidemiological models to
forecast observations of disease transmission. We highlight the importance
of using Bayesian methods to understand the uncertainty of our estimates
and the importance of uncertainty in decision making, particularly in public
health contexts.

Digital data can used to address challenges in observing disease transmission
and to improve epidemiological models, but come with their own inherent bi-
ases that need to be considered and accounted for when modelling [73]. After
presenting relevant mathematical background in Chapter 2, Chapter 3 of this
thesis utilises digital data to improve estimates of influenza prevalence, using
Bayesian methods to account for the uncertainty inherent in the data and
model. We continue this theme in Chapter 4, where we determine a model
for estimating the probability an individual will receive an influenza test and
therefore be observed in traditional laboratory surveillance of influenza. Un-
like traditional surveillance, digital web surveillance platforms can provide a
richer and more complete picture, enabling demographic attributes that are
less likely to be associated with a test to be determined.

We tackle the problem of epidemic forecasting in Chapter 5, where we develop
a modelling framework to forecast the spread of SARS-CoV-2 in each public
health jurisdiction of Australia. While it is the SARS-CoV-2 virus that
spreads the COVID-19 disease, for the purposes of simplicity we will refer to
both as COVID-19 subsequently throughout this thesis. Using social mobility
metrics generated by digital traces of users and individual behaviour surveys,
we determine the changes in behaviour in response to public awareness and
jurisdictional public health policies. We leverage a hierarchical model to
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relate social mobility and adherence to distancing behaviours to the effective
reproduction number, while allowing for differences across jurisdictions. We
further use information in jurisdictions with more cases to inform parameters
for other jurisdictions with less information.

With a predictive model of the effective reproduction number, we forecast the
effective reproduction number using trends in social mobility, rather than re-
lying solely on historical case data. We then build a probabilistic forecasting
model to predict cases on future dates and dates without complete obser-
vations using this estimate of the effective reproduction number. This is
achieved using a branching process model, where the offspring distribution
has a mean value of the time varying effective reproduction number. The
forecasting model is validated using a series of forecasts and compared to a
random walk with drift using the continuous ranked probability score (CRPS)
and a skill score. The work in this chapter has formed the basis of forecasts
which contribute to weekly reports to the Commonwealth Government of
Australia since May 2020.

The quarantine or isolation of infectious individuals is one of the oldest forms
of disease control [67]. For COVID-19 in Australia, this is largely achieved
through the tracing of close contacts (contact tracing) of known infectious
individuals, and after identification, mandatory isolation. However, in a
dynamic and time critical environment with resource constraints, it is not
known which aspects of contact tracing, such as the breadth of time to trace
contacts up to (say two or three days prior to symptom onset) or the depth
of generations of close contacts (close contacts of close contacts, or simply
the close contacts of a case), provide the most value in reducing transmission
at different epidemic stages. Chapter 6 extends the branching process model
in Chapter 5 and analyses different contact tracing strategies, while evalu-
ating the functionality of targets and metrics of contact tracing used by the
Australian Government as a case study. The work in this chapter was con-
ducted under contract and formed the basis of a report to the Commonwealth
Government of Australia.

The use of digital data in providing information, particularly on the be-
haviour of individuals, and its careful utilisation to adjust for its potential
biases are consistent themes throughout this thesis. This is all the more
significant in a world of global pandemics and burgeoning digital footprints.
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Chapter 2

Background

In this thesis, we will focus on utilising digital data to provide insight to social
behaviours that are associated with disease transmission and observations.
In this chapter, we introduce how behaviours may influence the observations
of an epidemic, and how digital epidemiology can be used to understand
this. We then introduce the Bayesian inference methods we will employ
throughout this thesis to learn the influence of behaviour from digital data,
and describe the statistical models that link the data to the outcome of
interest. Finally, we describe branching process models that can simulate
and forecast outbreaks using parameters inferred from data, and methods
for validating the performance of the forecast and models.

2.1 Human behaviour in epidemics

The relationship between human behaviour and epidemics has been noted
throughout history. Even in the notes of John Snow, it is stated that the
spatial relationship of cases in the Broad Street cholera outbreak was not
perfect, due to individual behaviours where brewery workers preferred beer
to water, and distant families preferring water from the affected pump to
more nearby pumps [107].

There are many other examples of human behaviour affecting the course of
disease transmission, such as vaccination choices [34, 102, 71], awareness and
risk perception [61, 64, 82, 99], mixing patterns [67, 85], and general spatial
mobility patterns [7, 80, 93]. Digital data sources are uniquely positioned to
provide insight into such behaviour, through their ubiquity, convenience and
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velocity, giving richer, timely and potentially more complete data relative to
traditional sources. Examples of the types of human behaviour impacting
epidemics examined in other work include mobility mapping [21, 48, 65] and
risk perception [14, 33, 96].

A number of studies have used data sources from Google searches, Twitter
posts, electronic health records, crowd sourced influenza reporting systems,
and even a combination of the above to detect and forecast influenza spread.
See for example Nagar et al. (2014) [87], Lu et al. (2018) [77], and Kalimeri et
al. (2018) [66]. Despite these attempts in using digital data in epidemiologi-
cal models, care must be taken to ensure these sources are used appropriately.
Most digital data is not intended to produce valid and reliable samples of the
population, and can be misrepresentative. The interaction of awareness of
the disease, or even contraction of disease, with online behaviour is not well
understood, and clearly has implications on epidemiological insights derived
from these datasets. These issues are raised and discussed in further detail
by Lazer et al. (2014) [73], Moran et al. (2016) [83] and Lee et al. (2016)
[74].

In this thesis we will focus primarily on participation in health surveillance
and changes in mobility patterns from policy and individual risk perception,
and emphasise that it is digital data sources that are uniquely positioned
to provide insight into behaviour trends in a convenient and near real-time
setting.

2.1.1 Mobility and transmission

The influence of population-level mobility patterns and disease transmission
is a key component of understanding the relationship between behaviour
and epidemics. Studies examining measles [51], Ebola [80, 32], influenza
[43, 46, 55, 68], and COVID-19 [20, 37, 95] have all found mobility patterns to
be an important consideration to understanding transmission and outbreaks.

Gog et al. (2014) [46] analyse the spatial dynamics of 2009 H1N1 pandemic
in the US using digital medical claims data, compiled as weekly numbers of
influenza-like illness (ILI) patients stratified by zip code. They find that the
best model contained both spatial and temporal (school openings) correla-
tions, but spatial alone resulted in a better fit than school terms alone. Charu
et al. (2017) [21] extend the work by Gog et al. (2014) [46] and explore the
drivers of influenza spread in the US during 2002 to 2010, and their analysis
also relies on insight from digital medical claims data. They again confirm
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the importance of mobility in understanding disease spread.

Due to the significant proportion of COVID-19 cases that are mildly symp-
tomatic or asymptomatic, studies such as those by Zachreson et al. (2020)
[118], Chang et al. (2020) [20] and Price et al. (2020) [95] use mobility
patterns to provide critical insights into the spread of COVID-19.

2.1.2 Participatory surveillance

Accurate and expeditious surveillance of the transmission of infectious dis-
eases such as influenza and COVID-19 are crucial for public health response
and policy decisions. The ubiquity and velocity of news and social media can
lead to public awareness well before individual observation of disease. Policy
decisions may also be implemented within hours due to the highly connected
digital world of communications. Changes in both the quality and quantity
of the social contacts required for disease transmission can therefore change
much faster than any change in disease prevalence, and well before being
observed in traditional health care settings such as hospitals and primary
care practices.

Changes in behaviour due to public awareness or in response to policy changes
are important considerations that digital systems are uniquely placed to ad-
dress. This is particularly important where there are a significant number of
cases that are mild but still infectious, and therefore not observed in tradi-
tional health institutions. Online participatory health surveillance platforms
seeks to address these challenges by reaching a wider section of the public,
providing near real-time estimates of disease prevalence and behaviours at a
finer scale.

FluTracking [28] is an online participatory health surveillance system for
monitoring influenza-like-illness (ILI), with one of its principal aims to de-
tect the onset of influenza in Australia. Since 2010, there are over 10,000
participants each year, with participation continuing to increase, particularly
during the COVID-19 pandemic in 2020. Similar platforms in the US (Flu
Near You [22]) and Europe (Influenzanet [91]) have been successfully used
in surveillance and modelling of influenza spread in those regions, since 2011
and 2010 respectively. However, in-depth analysis of reporting behaviour
is yet to be conducted, and may have a significant effect in the accurate
interpretation of online participatory surveillance data.

A number of analyses of both Influenzanet and Flu Near You [9, 69, 91, 94,
98, 113] examine only ‘active users’ and exclude other users. Active users are
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defined in various ways, but all of these studies simply exclude individuals
who do not report regularly enough. In an examination of the determinants
of repeated participation [6], low participation was defined as enrolled par-
ticipants that had not filled in at least two surveys between 30 and 60 days
after their first survey (or at least 3 surveys within 2 months of starting). In
this definition, it was found that approximately 44% (8,185/18,477) of users
in the 2011-12 season were classified as having lower participation, leaving
only 56% of participants as ‘active users’. In comparison, a study of Flu Near
You, defining ‘active’ users as those who report at least 3 times in a season,
found that approximately 35% (10,871/30,737) of users were active [9]. By
excluding so many reports and users, a substantial amount of information is
lost, and bias in derived estimates is a possibility if there is a relationship
between ‘active users’ and contracting disease.

A number of studies [9, 16, 53] have examined the demographics and repre-
sentativeness of the participating populations and compared them to national
populations, but few have analysed how these demographics or external fac-
tors such as school holidays, ILI incidence or occupation affect participation
in any given week. In Chapter 3, we will examine these relationships and
construct a framework where behaviour can inform our estimates of disease
prevalence.

2.1.3 Healthcare-seeking behaviour

The influence of healthcare-seeking behaviours provide insight into the in-
terpretation of population-level incidence of disease, where issues of repre-
sentativeness and sampling bias must be considered carefully [59]. This is
particularly the case where surveillance is time critical and the characteristics
of transmission require evaluation for intervention purposes. This is where
web-based health surveillance systems may be of greatest use, but are yet to
be thoroughly examined for these insights.

The extent to which these behaviours differ among individuals has been ex-
amined in earlier studies using surveys [61], as well as interviews and focus
groups [29]. Digital data and web-based health surveillance systems provide
a rich and convenient source of information to examine similar behaviours
[94, 103].

Previous work has shown socioeconomic status [90], media reports [24], and
demographic factors [59] can all impact the observations seen in digital data
streams. Web health surveillance systems have also been observed to have
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participation biases amongst their users [6, 9, 16], as noted in the previous
section.

While these insights are critical to understanding digital data streams, there
has been little research into using these data streams to provide insight into
traditional surveillance systems, such as confirmed influenza cases from test-
ing, and how they may be affected by human behaviour. Some evidence of
this has been observed, where healthcare-seeking behaviour has impacted the
testing rate of influenza over time [84]. In Chapter 4, we will use a digital
data stream to examine the healthcare-seeking behaviour of individuals and
whether there is bias among the testing of influenza associated with primary
care physicians.

2.2 Bayesian inference and modelling

To relate changes in behaviour to outcomes in epidemiology, we seek to infer
the influence of latent parameters of our mathematical models. We can
achieve this through Bayesian inference.

We seek to infer the posterior distribution P (θ|X, y) of a set of parameters θ
given some condition X and observations y, which is often the data. There is
some a priori knowledge of the parameters, which is quantified as the prior
distribution P (θ).

The posterior distribution can then be found using Bayes’ rule:

P (θ|X, y) =
P (y|X, θ)P (θ)

P (X, y)
, (2.1)

where P (y|X, θ) is defined as the likelihood of observing y given the param-
eter, and P (X, y) the evidence. It can also be re-written as:

P (X, y) =

󰁝

θ

P (X, y|θ)P (θ)dθ, (2.2)

which, particularly when θ is high dimensional, may be intractable or difficult
to calculate. As such, the exact posterior distribution (2.1) can only be
evaluated analytically in a closed form when using specific prior distributions
that are conjugate to specific choices of likelihood functions. While this is
mathematically elegant, this restricts the choice of prior distributions and
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likelihoods to only those which are conjugate, which may not be appropriate
to the problem.

As the evidence is not a function of the parameters θ, we can instead have

P (θ|X, y) ∝ P (y|X, θ)P (θ). (2.3)

We can therefore use sampling methods to estimate the posterior distribution
without having to evaluate the evidence. We will introduce the sampling
method primarily used in this thesis for Bayesian inference, chosen for its
appropriateness and flexibility in accommodating these applications.

2.2.1 Hamiltonian Monte Carlo

While there are many other methods for sampling and inference, we have
chosen one which avoids forced modelling choices and is computationally ef-
ficient. Hamiltonian Monte Carlo (HMC) sampling, sometimes known as Hy-
brid Monte Carlo sampling, is a specific Markov chain Monte Carlo (MCMC)
algorithm that is capable of handling highly complex models [11, 78].

MCMC methods use a Markov chain to produce samples from a stationary
distribution that matches the distribution of interest, which is the posterior
distribution here. MCMC techniques seek to create a Markov chain that
iteratively explores the space of parameter values through an appropriate
choice of transition probabilities. After a number of transitions, the distribu-
tion of proposed parameter values is unchanged after further transitions, and
the Markov chain is said to have converged to the stationary distribution.
Once stationary, the Markov chain can be used to produce a large number
of samples from the posterior distribution.

However, the time to convergence and autocorrelation of samples are impor-
tant considerations when choosing the appropriate MCMC method. Simpler
methods, such as Metropolis-Hastings [44], may have highly correlated sam-
ples in regions of high probability in the parameter space, particularly in
higher dimensions. High autocorrelation may also potentially lead to an ex-
tended period of time before convergence to the posterior distribution. A
choice of Markov chain which allows for large transitions in space can pre-
vent this and may converge to the posterior distribution in fewer samples,
but will not be able to adequately sample from regions of high probability
density, instead moving away from them too quickly.
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In contrast, small transitions are inefficient and will result in a long time
to convergence, with samples that are highly autocorrelated, but will be
more capable of exploring regions of high density but low volume. Adaptive
methods are available, but are often problem specific. HMC attempts to
address these challenges by using the geometry of the space of interest to
efficiently explore the space of interest using Hamiltonian dynamics.

Conceptually, HMC can be visualised as a frictionless ball sliding over a sur-
face of varying slopes. The ball has both position q and momentum ρ at any
point in time, with a corresponding potential energy U(q) and kinetic energy
K(ρ), and as the ball slides across the surface, energy is converted between
the two. In HMC, the position of the ball on the surface q is identified with
the current state of our parameter of interest θ, and has potential energy
analogous to the posterior density, such that U(q) = −log(π(q)), where π(q)
is the target posterior distribution P (θ|X, y). The ball, and thus the sampler,
is then drawn towards regions of high density in the posterior distribution
like a ball moving downhill.

However, this can then result in the ball trapped in valleys and result in
poor exploration of the space. The momentum and kinetic energy of the
ball addresses this problem. Given an initial momentum, the ball may then
escape regions of low potential energy to continue exploring the surface. The
balance of potential and kinetic energy, or the total energy of the system, is
described by the Hamiltonian

H(q,ρ) = U(q) +K(ρ). (2.4)

The joint density P (q,ρ) is defined by the Hamiltonian H(q,ρ), and can be
related to the posterior distribution π(q) via

P (q,ρ) ∝ e−H(q,ρ)

= e−U(q)−K(ρ)

= e−U(q)e−K(ρ)

= π(q)e−K(ρ), as U(q) = −log(π(q)).

If we then define K(ρ) = −logP (ρ), where P (ρ) is the distribution of the
momentum ρ, then we have

P (q,ρ) ∝ π(q)P (ρ). (2.5)
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P (ρ) will depend on the implementation but is typically a multivariate nor-
mal distribution N (0,Σ). Defined in this way, sampling from the joint pa-
rameter space P (q,ρ) also samples from the posterior distribution π(q) by
projecting back onto the original target space.

The Hamiltonian dynamics describe the change in both q and ρ through

dq

dt
=

∂H

∂ρ
(2.6)

dρ

dt
= −∂H

∂q
. (2.7)

The dynamics can be simplified using Equation (2.4),

dq

dt
=

∂K

∂ρ
(2.8)

dρ

dt
= −∂U

∂q
. (2.9)

Given a position and a momentum, and therefore a total energy, we can
then use the Hamiltonian dynamics to map a trajectory that explores the
parameter space while being constrained by the probability density of the
posterior distribution. However, by using Hamiltonian dynamics, HMC can
only be implemented on continuous random variables due to the algorithm’s
reliance on derivatives. Betancourt et al. (2017) [11] provides further detailed
discussion on HMC and its ability to incorporate the geometry of the space.

By utilising the geometry of the parameter space, HMC reduces autocorrela-
tion between samples by rapidly exploring the space, and is able to adequately
sample from regions of high probability density without being trapped. While
calculations of the Hamiltonian dynamics are expensive, it efficiently sam-
ples complex parameter spaces [78], particularly with multilevel models with
high numbers of parameters, as used in this thesis. The Stan package [109]
is robust and flexible implementation of HMC, and in Chapters 3, 4 and 5
we will use the PyStan implementation in Python.

2.2.2 Logistic regression

A logistic function (2.10) is a suitable model for a binary outcome, such as
whether an event occurred, and provides a probability of the modelled event
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occurring. As we will frequently encounter such outcomes in this thesis,
in this section we will describe how logistic functions are used within our
statistical framework. Using a set of predictors x, it can link the predictors
x to the response y, with the influence of each predictor on the response
quantified by the corresponding element of θ.

y =
C

1 + e−θTx
. (2.10)

This method is usually termed logistic regression when used to model a prob-
ability p of an outcome y occurring given information or predictors x, and
C = 1 to appropriately bound p ∈ (0, 1). Equation 2.10 can be manipulated
to provide an alternative form:

log

󰀕
p

1− p

󰀖
= θTx. (2.11)

From Equation 2.11, we can interpret the value of θi as the relative increase
in the log odds of y occurring for a unit increase in xi, given the other
xj ∀j ∕= i. For example, if θi = 1.099, then for a unit increase in xi and
no other change in the other xj for j ∕= i, the relative odds of y occurring
increase by e1.099 ≈ 3, or y is 3 times more likely to occur. Please see Jewell
(2003) [63] for further discussion on the interpretation of the log odds. To
infer the value of the parameters θ we can apply the techniques discussed in
Section 2.2.

As we will see in Chapter 5, the logistic function is also a useful model for a
response variable that is bounded and is expected to asymptotically approach
those bounds, and where diminishing returns is expected. This property will
prove useful in modelling the reduction in transmission potential as behaviour
changes.

2.2.3 Hierarchical models

A common modelling consideration is how to account for similarities within
observations that may be naturally grouped. This may occur when there are
repeated, but a differing number of, samples across groups. We will encounter
such a model in Chapter 5. If each group is believed to be identical, we
can ignore the grouping and assume that each observation is independent
and is described as complete pooling of observations. If instead we believe
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each group has no information about the other groups, and each group is
independent of each other, than this is termed no pooling.

However, what if we would like to use observations from one group to inform
our knowledge of another group, and we expect there to be some similarities
across groups? This is where hierarchical models (sometimes called multilevel
models) can be used to partially pool the observations. Groups where there
are few observations can then be informed by groups with a greater number
of observations, without the larger groups overwhelming the inference of
parameters of the smaller groups.

Bayesian models provide a natural framework for hierarchical models. In
the no pooling paradigm, when given a set of parameters θi for each group
i, the assumed prior distribution g(a) for some given constants a can be
applied independently to each θi, and observations yi in each i only affect
the corresponding θi.

If instead we would like to partially pool our observations and construct a
hierarchical model, we can instead use hyperparameters θ, such that

θi ∼ g(θ,σ), (2.12)

where the hyperparameter θ represents the location of the distribution of all
θi, and σ the scale. We can then learn the values of θ and σ jointly with
our inference of θi. The hyperparameters are then given hyperpriors,

θ ∼ h1(a)

σ ∼ h2(b),

for some appropriate choice of distributions h1(.) and h2(.), and constants
a and b. If the groups are similar, the inference will learn that the scale
hyperparameter σ will be small, and the posterior distribution of θ will be
similar to the posterior distribution of θi.

In Chapter 5 we will see the advantages of using a hierarchical model to infer
parameters of groups with fewer observations, and how this can provide a
suitable model for inference across different geographical regions and public
health jurisdictions.
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Figure 2.1: A simple branching process, where each parent case generates
two offspring, and the number of new cases plotted over time.

2.3 Branching process models

A branching process is a stochastic process that is often used to model the
growth of discrete random variables, often individual agents. Branching pro-
cess models are an intuitive framework for modelling the growth of an epi-
demic from a small number of initial cases, and they will be used extensively
in Chapters 5 and 6 for modelling COVID-19 cases in Australia.

Let χn denote the number of new offspring at generation n ∈ N. As each
new offspring must be generated from a previous case, we have

χn =

χn−1󰁛

i=1

Sn,i (2.13)

where Sn,i is the number of offspring generated by individual i in generation
n. Figure 2.1 graphically depicts the growth of the generations and the
number of new offspring χn over time.

We can then find the total number of individuals In up to generation n by
calculating In =

󰁓n
i=1 χi. However, to model an epidemic, we may be inter-

ested in how the number of offspring, or new cases, χ(t) evolves in discrete
time t, rather than in generation n. Evolution over discrete time can be
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more intuitive for informing policy in the time dependent nature of outbreak
response.

Equation 2.13 can be rewritten to vary in time t by

χ(t) =

I(t)󰁛

i=1

Ni(t) (2.14)

where I(t) is now the total number of cases at time t, and Ni(t) the number
of offspring generated by individual i at time t. This form is a more intuitive
notation for modelling and forecasting an epidemic through time.

2.3.1 Reproduction number

In order to examine the distribution of offspring in a branching process that
models an epidemic, we must first introduce the basic reproduction number
R0. The basic reproduction number R0 is defined as the average number
of offspring, or secondary cases, arising from an average primary case in a
completely susceptible and well mixed population [31, 67]. When R0 < 1,
then then each generation will by expectation have fewer individuals than
the previous, and the epidemic will die out almost surely.

The spread of an infection will vary over time, whether due to the depletion
of susceptible individuals in the population or through changes in behaviour.
The parameter Reff(t) is defined as the time-varying effective reproduction
number, which generalises the basic reproduction number R0 to also represent
the average number of secondary infections of an index case infected at time
t.

If the number of offspring Si(t) of an individual is assumed to be Poisson
distributed given a mean Reff(t), which is itself a random variable that is
Gamma distributed with shape parameter k and scale parameter θ, then the
marginal distribution of Si(t) is the Negative Binomial distribution,

Si(t; k, θ) ∼ NegBin

󰀕
k,

1

1 + θ

󰀖
, (2.15)

which has mean k
θ
. We would like to set the mean of the distribution of the

number of offspring to Reff(t). We then require
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k

θ
= Reff(t)

=⇒ θ =
k

Reff(t)
.

Finally, this gives

Si(t; k, θ) ∼ NegBin

󰀣
k,

1

1 + k
Reff(t)

󰀤
(2.16)

= NegBin

󰀕
k,

Reff(t)

Reff(t) + k

󰀖
. (2.17)

The parameter k is a measure of the variance in the offspring distribution,
and is referred to as the dispersion parameter. For further discussion and
analysis of models of offspring distributions and dispersion, please see Lloyd-
Smith et al. (2005) [76].

2.3.2 Application in continuous time

To simulate an epidemic in real time, we must define the distribution of time
between the parent and generation of the offspring, or the infector to the
infectee in our context. This is referred to as the generation interval. This
distribution has important ramifications for estimation of the reproduction
number in near real-time. When infector-infectee pairs are unknown, as
is often the case in active outbreaks, inference performed jointly on both
parameters will yield correlations between samples [42, 52, 115].

Another important distribution is the time from infection to onset of symp-
toms. This is referred to as the incubation period. The onset of symptoms
is often where observation of a case becomes possible, as large scale testing
of asymptomatic and pre-symptomatic individuals can be impractical. Com-
bining all these components together, we may simulate an epidemic using a
branching process, as detailed in Algorithm 1 for a simple epidemic example.
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input: χ0 initial cases and their infection times gi
n = 0;
while χn > 0 do

χn+1 = 0;
for i = 1 to χn do

using t = gi, calculate reproduction number Reff(t);
sample number of offspring Ni from Si(t; k, θ);
χn+1 = χn+1 +Ni;
for j = 1 to Ni do

sample gj from generation interval;
sample hj from incubation period;

end

end
n ← n+ 1;

end

Algorithm 1: A simple epidemic modelled using a branching process
in continuous time.

If the generation interval is often shorter than the incubation period, as
with COVID-19 [38, 72, 111], then control of the outbreak becomes difficult
without social distancing measures and changes in individual behaviour. The
effect and compliance of social distancing measures is difficult to observe
using traditional public health datasets. However, digital sources can provide
this insight in near real-time, as we have discussed earlier in this chapter.

Here we have introduced to the reader some background into the importance
of behaviour in understanding epidemics, and how digital data sources can be
used to examine this, as well an understanding of the methods used to infer
and model the relationship between behaviour and disease transmission. We
have also introduced a simple epidemiological model, the branching process,
and some of the key parameters involved. More details will be provided in
each chapter, as well as references for further reading.
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a digital health surveillance
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estimates
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Influenza is a substantial public health concern, with approximately 3-5 mil-
lion severe cases worldwide each year [117]. There are many challenges in
estimating influenza activity and forecasting the spread of influenza, given
that disease transmission in the general population is largely unobserved.
Traditional influenza surveillance relies on public health system monitoring,
such as through hospital admissions, notifications of laboratory confirmed
cases, or voluntary reporting from local physicians [4, 23]. However, in these
systems, estimates of disease prevalence can be limited by the time taken to
collect, collate and publish through public health systems, resulting in delays
between infection and observation.

Online participatory health surveillance systems attempt to address these
challenges by providing a convenient, simple and near real-time platform for

19
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self-reporting of symptoms. FluTracking [28] is one such system for monitor-
ing influenza-like-illness (ILI), with a principal aim to contribute to commu-
nity level ILI surveillance in Australia and New Zealand. Recall that similar
platforms exist in the US (Flu Near You [22]) and Europe (Influenzanet [91]).

Online influenza surveillance platforms often publish estimates of the inci-
dence or prevalence of ILI in the population, usually derived as a proportion
of the total number of reports received that week. These estimates have
been found to correlate well with clinical surveillance by public health bod-
ies [8, 98, 113], including across different definitions of ILI cases [91]. How-
ever, user behaviour is not adjusted for other than by excluding ‘inconsistent’
users, and potentially information is lost on the interaction of behaviour with
the prevalence of disease.

The work in this chapter addresses this interaction of behaviour with the
prevalence of disease by using information about how individuals behave with
regard to survey completion to inform our estimate of the weekly prevalence
of ILI. While the scope of this work is limited to Australia, the analysis
is generalisable to other types of voluntary, web-based surveillance in other
locations and settings, of which there are many.

3.1 Background

While systems such as FluTracking show promise in estimating the incidence
of ILI in the population, there is evidence that these systems can be affected
by variations in user participation [8, 26, 54, 97]. Very little is known about
how these biases could affect disease prevalence estimates and there is a clear
lack of studies that attempt to quantitatively adjust for them. Attempts to
correct for these biases have all been based on the removal of data, such as
only considering users who participate frequently [16, 69, 91, 113], removing
the first report of a user [54], or by creating noise filtering algorithms that
minimise sudden departures from sentinel data due to changes in participa-
tion [106]. While not unreasonable, these methods do not give insight into
user behaviour, and do not examine the effect of their corrections on the
estimates they examine.

Some examinations of the heterogeneity of users and their behaviours have
been conducted, such as inferring significant predictors for and classifying
users on their participation levels [6, 9], and examining the demographic
representativeness of the participating population [9, 16, 53]. However, user
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behaviour has not been analysed within a systematic, statistical modelling
framework, in particular one which can simultaneously correct disease preva-
lence estimates.

3.1.1 FluTracking data

Participants can register in FluTracking at any stage of the year, and upon
registration, they provide various demographic details about themselves, such
as age, sex, and postcode. Participants can optionally register and report on
behalf of others in their household. Those participants who are submitting
reports, on behalf of themselves and/or their household, will henceforth be
referred to as ‘masters’, while any individual observed, master or not, will
continue to be referred to generally as ‘participants’. After registering, mas-
ters are sent an email on the Monday of each week during the influenza
season to respond to an online questionnaire about the presence of fever or
cough that they or their household members may have experienced in the
week prior, and whether they have received the influenza vaccine this year.

Surveys can be submitted for up to 5 weeks from their first reminder. Note
that FluTracking publishes estimates of ILI incidence to examine the spread
of new cases of ILI [17], where incidence is the number of new cases per
unit of time. However, as we wish to examine the influence of symptoms on
behaviour, in this study we will focus on estimates of prevalence in order to
determine if user behaviour is influenced by ILI status, where prevalence is
the number of cases per unit of time.

If a participant reports both a fever and a cough, follow up questions are
revealed, such as enquiring about any health-seeking behaviour taken or if a
sore throat was experienced. In this study, we define an ILI case as a survey
response with a participant reporting both a fever and a cough, which closely
resembles the World Health Organization surveillance case definition [116].

Note that a report, and therefore an observation of ILI status in a household,
is generated by the action of the master, and so it is the report of the master
and subsequent reports on behalf of the rest of the household that is the
outcome of interest. Also note that in order to build a framework for near
real-time prediction, we have chosen to define a report submitted less than 7
days after the initial request as an ‘on-time’ report and otherwise label it as a
‘late’ report. This is the interval of time before the subsequent request for the
next survey is sent. However, if symptoms are submitted in a late report, this
information is not excluded, but used in the derivation of predictor variables
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for subsequent survey weeks, irrespective of submission date.

FluTracking operates between May and October every year in the winter
season in the Southern Hemisphere1. We examine all Australian reports
submitted between 2011 and 2017, totalling 3,459,339 unique reports from
30,564 households and 52,773 participants. Of these reports, 352,287 (ap-
prox. 10%) are late reports.

Using the registration date of households, we can determine the weeks in
which a household was registered but never submitted a report. Survey weeks
before the registration date are therefore not included as missed reports. This
includes another 496,175 missed surveys.

3.1.2 The model

The conventional estimate of prevalence in the literature is given by the
total number of individuals that have reported on-time with ILI, divided
by the number of on-time reports in the given week. We improve this by
developing a framework to adjust ILI prevalence estimates by correcting for
user behaviour, and construct a model to predict the probability of a user
reporting in a given week, based on their prior behaviour and demography
(Figure 3.1). An individual household i in a given week w will receive a
survey request to participate, and will then proceed to either report and
provide information on their symptoms, or not report. Given that they
report, and their symptoms are therefore known, they will either report on-
time, or report late. We will compare the following two estimates of the
prevalence of ILI:

• the näıve estimate (an extension of the conventional estimate); and,

• a behaviour corrected estimate (our new framework).

Our näıve estimate extends the conventional estimate by considering a Bayesian
perspective, which respects the same mode value as the conventional esti-
mate. The behaviour corrected estimate is inferred from a framework that
incorporates an observation process in the model, whereas the näıve model
does not. Both estimates assume the number of individuals with ILI in the
population is binomially distributed.

1This has been expanded in 2020 to assist in surveillance of COVID-19, with the addi-
tion of more survey questions.
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Figure 3.1: Visualisation of model of user outcomes for a household i in week
w, where the probability of reporting given their health status is modelled
with the link function listed below each respective compartment. The prob-
ability of having at least one household member with ILI is modelled with
φw (Equation 3.2).

3.2 Materials and Methods

3.2.1 Näıve model

The conventional estimate of prevalence takes the total number of individu-
als that have reported on-time with ILI this week Xw and divides this by the
number of on-time reports this week Nw. If we consider that each individual
in the population has an equal probability π̂w of having ILI in week w, then
Xw can be modelled with a binomial likelihood with probability π̂w and trials
Nw. Note that this interpretation considers Nw as fixed and not a random
variable. Given a uniform prior (Beta(1, 1)) and a binomial likelihood, the
posterior distribution of π̂w is then Beta(Xw +1,Nw −Xw +1). This results
in the mode of the posterior distribution of π̂w as Xw/Nw, which is the con-
ventional point estimate often used in the literature (See [106, 91, 113, 66]).
We define this posterior distribution of π̂w as the näıve estimate, which is an
estimate for the prevalence of ILI in the population, without consideration
of user behaviours.

In the work presented here, we did not split the cohort by vaccination status
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and model estimates for vaccinated and unvaccinated prevalence. Models us-
ing a split cohort with separate parameters for vaccinated and unvaccinated
prevalence were examined, with only marginal differences in the correspond-
ing parameters, typically near the peak ILI week. As such, we have simplified
the model and reduced the number of parameters inferred. While it could
be tempting to examine the difference between such vaccinated and unvac-
cinated estimates as a measure of influenza vaccine effectiveness, this study
examines cases of ILI, not influenza. Any examination of vaccine effectiveness
would require further modelling or data specific to influenza.

3.2.2 Behaviour model

We construct a model (Figure 3.1) that accounts for user behaviour and in-
forms an estimate for the prevalence of ILI in the population. For a household
i in week w, let Y be a binary indicator of an on-time report submitted by the
master of the household, I be a binary indicator of at least one participant
of the household having ILI, and M be a binary indicator of the master of
the household having ILI.

For every household in every week, there can be one of four outcomes:

• A household submits a report on-time, and no participants report hav-
ing ILI (Y = 1, I = 0,M = 0),

• A household submits a report on-time, and at least one member that
is not the master reports having ILI, (Y = 1, I = 1,M = 0),

• A household submits a report on-time, and the master reports having
ILI, (Y = 1, I = 1,M = 1), or,

• A household does not submit a report on-time (Y = 0).

Logistic regression can be used to estimate a household’s probability of re-
porting p, for some set of predictors xi,w and parameters θ, βH and βM . The
link function relates the log odds ratio of p to a linear combination of the
predictors and their coefficients, and is defined as

log

󰀕
p(I,M)

1− p(I,M)

󰀖
= xt

i,wθ + I ((1−M)βH +MβM) , (3.1)

where:
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• xi,w is the vector of predictors for reporting,

• θ is the parameter vector of regression coefficients,

• βH is the parameter for the change in reporting behaviour due to the
household having at least one member with ILI, but not the master,
and,

• βM is the parameter for the change in reporting behaviour due to the
master having ILI.

The odds ratio of reporting are therefore multiplied by eθd for every unit
increase in xd for each predictor d.

Assume each household member has an independent probability πw of having
ILI in week w, then we can define φi,w to be the probability that a house-
hold of size ni has at least one individual with ILI in a given week w. The
probability φi,w can then be modelled as

φi,w =1− (1− πw)
ni . (3.2)

The probability of the master having ILI, M = 1, and reporting, Y = 1, is
below. The other three possible outcomes for a given household in a given
week (Figure 1) can be similarly derived, and are not presented.

P (M,Y, I) =P (Y |I,M)P (M |I)P (I)

=P (Y |M)P (M |I)P (I), as M ⊂ I

=p(I,M)P (M |I)φi,w.

Defining ζ = P (M |I), we have

ζ = P (M |I)

=
P (I|M)P (M)

P (I)
, by Bayes’ Rule,

=
P (M)

P (I)
as P (I|M) = 1,

=
πw

φi,w

.
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Table 3.1: Variables from the dataset used in constructing predictors.
Chronological Epidemiological Demographic

Survey week Had fever Participant ID
Year Had cough Household ID
Join date Days of absence Postcode
Submit date Sought medical advice? Age group

Diagnosis Health worker
Test results Vaccinated

The likelihood L of the observations occurring given a set of parameters is
then the product of the likelihood of each household i in each week w in the
training set

L =
󰁜

i,w

Li,w (3.3)

where

Li,w(M,Y, I) =P (M,Y, I) (3.4)

and

P (M,Y, I) = p(I,M)
󰀃
φi,wζ

M (1− ζ)1−M
󰀄I

(1− φi,w)
1−I

∀ M, Y, I ∈ {0, 1}.
(3.5)

The likelihood L is the probability of the data given the set of parameters.

3.2.3 Model fitting

We use a Bayesian framework to estimate the posterior distribution of the
parameters θ, β = (βH , βM), and π, conditional on the data X and y, via
Bayes’ rule:

P(θ,β,π|X, y) ∝ P (y|θ,β,π, X) P (θ,β,π) ,

where P (y|θ,β,π, X) = L (Equation 3.3). The inference of θ, β and πw

jointly, means our estimate of the prevalence of ILI in week w, πw, accounts
for the impact of user behaviours via θ and β.
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Prior distributions for the parameters were:

θ,β ∼ Norm(0, 0.7I),
π ∼ Unif(0, 1),

where 0 is the zero vector and I is the identity matrix.

The variance of the prior distributions for θ and β were chosen to provide
a near uniform prior density for the probability of reporting and reporting
on-time, given the distribution of the training set predictors. Figure S1 in the
Appendix shows the prior distribution transformed from the log odds scale
to the probability scale, after multiplication with samples from the training
set predictors. Results were not sensitive to this choice of variance.

All predictors xi,w were scaled to be between 0 and 1, to allow for simplicity
in comparing the predictive strength of each parameter. The set of predictors
used for regression were derived from variables listed in the Appendix (Table
3.1), and the complete set of predictors used can be seen in Table A.1.

To estimate the posterior distribution of the parameters of the model, we
used Hamiltonian Monte Carlo (HMC) implemented in the software package
Stan (version 2.18) [18]. HMC is particularly effective over other Markov
chain Monte Carlo methods, such as Random Walk Metropolis-Hastings, in
high dimensional parameter spaces such as in this analysis, and the Stan
implementation uses adaptive tuning of algorithm parameters, reducing the
need to tune the inference algorithm [11].

For model training and inference of results, 80% of the households in each
year were used in the training set for the model, and the remainder left in a
test set for cross-validation of model predictions. For each season examined,
reports in the first week were used in determining the prior behaviours of
users and used in calculating predictor values, but were not used to infer
parameters of the model, as predictors involving prior behaviours could not
be well defined in the first week.

3.2.4 Data access

Reproduction of this study would require individual level data, which is
precluded by ethics approval (The University of Adelaide Human Research
Ethics Committee (HREC) H-2017-131). Anonymised data may still allow
the possibility of identification of individuals, given the rich set of features
and the small numbers in some postcodes.
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Figure 3.2: Comparison of behaviour corrected posterior estimate of the
prevalence of ILI in the population (solid) to the näıve estimate (dashed)
for the winter of 2017, and the difference between the two distributions over
time. Lines represent the median of the distribution and shaded regions are
95% credible intervals of the posterior distributions.

3.3 Results

3.3.1 Comparison of behaviour corrected estimate to
näıve estimate

Without correcting for user behaviour, our results show that näıve estimates
of ILI prevalence are likely to be biased and overestimate the actual preva-
lence. The distribution of the näıve estimates have nearly all their probability
density higher than the distribution of the behaviour corrected estimates for
the ILI prevalence (Figure 3.2). This bias was found to be greatest when
prevalence of ILI was greatest, and implies that users may be more likely to
report when they have ILI. This trend was observed for every year of analy-
sis (see Appendix A Figures A.2 to A.7). Figure 3.2 shows the results from
training the model on the year 2017.
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3.3.2 Reporting behaviour

Predictors of reporting behaviour were determined from chronological, epi-
demiological and demographic data (Table 3.1). Given a consistent identifi-
cation number for each individual and each household, predictors such as the
week of the survey, whether the individual reported having a single symptom
previously this year, and whether an individual is reporting on behalf of oth-
ers can be determined. A full list of predictors used and their explanations
can be found in the Appendix (Table A.1).

Unsurprisingly, the strongest predictor for reporting behaviour was found
to be the proportion of reports submitted on-time in the year so far for an
individual, with all posterior samples of log odds ratio greater than 4 (see
Figure A.10). Here we will present predictors of interest, and the marginal
densities of all predictors are presented in Appendix A.

A comparison of marginal posterior densities of regression coefficients for
predicting the probability of reporting (p) can be seen in Figure 3.3. Those
reporting on behalf of others were not found to be much more likely to
report, inconsistent with analysis in other studies [6, 9]. These studies did
not consider the past reporting behaviour of users in their analysis, and this
may have confounded this predictor in previous work. Individuals who have
reported being vaccinated for this season were also found to be more likely
to report in any given week.

Individuals who had reported having a symptom in previous weeks were much
more likely to submit a report. However, the increasing number of weeks since
the symptom occurred was a strong predictor for not submitting a report.
Given no other differences, the model then predicts an increase in probability
for an individual to report when they have reported having a symptom, with
the increase decaying over time as the number of weeks since reporting the
symptom increases. Figure 3.3 also shows that there is a large increase in
the log odds of reporting when the household, but not the master, has ILI.
However, when the master has ILI, there is a substantially larger increase in
the log odds of reporting. This would indicate that the status of having ILI
in proximity, and in particular personally experienced, is a strong predictor
of reporting and participating in FluTracking. The posterior densities are
remarkably consistent across the years, with the direction of the effect of
the predictor consistent in all years, with the exception of those with small
effects.

The current week was also used as a predictor for the probability a user will
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Figure 3.3: The marginal posterior densities of the log odds ratio of certain
regression coefficients for predicting the probability of an individual report-
ing on-time across all years examined. For the complete set of regression
coefficients, see Appendix A.
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Figure 3.4: The marginal posterior densities of the log odds ratio of chrono-
logical regression coefficients for predicting the probability of an individual
reporting in a given week of 2017. For all other years, please see Appendix
A.

report, and their marginal probabilities of reporting declined sharply in the
first third of the season, before a more shallow decline over the rest of the
season (Figure 3.4). This could be explained by user fatigue, where dedication
to participating in a voluntary system wanes through the year. This trend
was also seen in every year studied (see Appendix A Figure A.12).

3.3.3 Model validation

To validate the model, 20% of the households in each year were excluded from
training the model and kept as a test set. Model predictions were compared
to observations in the test set by taking 1000 samples of the parameters from
the posterior distribution, and simulating outcomes from the model for each
sample and each household in the test set. The simulated data classified each
household in each week into one of the four outcomes (Figure 3.1).

The proportion of reporting households with at least one participant with
ILI, and the participation rate of households of the simulated data, were
compared to observations from the test set. The proportion of reporting
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households with at least one participant with ILI was calculated by dividing
the number of households reporting on-time with ILI by the total number
of households reporting on-time. The participation rate of households is
determined by dividing the number of households reporting by the total
number of households registered who have submitted at least one report in
that year. Both summary statistics from the data were similar to simulations
from the model on the test set using samples from the posterior, and these
comparisons can be seen in Appendix A Figures A.13 to A.19. The simulated
data from the model matches well to the actual observations from the test
set and appears to retain the autocorrelation or time dependence of the
actual test outcomes, without time dependence being explicitly included in
the model. As the model predictions correspond well to outcomes observed
in the test set in both summary statistics, the model shows no indication of
bias of observable outcomes at a population level.

As the model is able to predict the weekly prevalence of households with ILI
and the participation rate of users in FluTracking from a test set (Figures
A.13 to A.19), we can see that the model correctly predicts user behaviour
while providing insight into the drivers of participation and an improved
estimate of ILI prevalence in the population.

3.4 Discussion

Online participatory health surveillance systems strive to provide near real-
time estimates of disease prevalence, and yield complementary insights to
traditional public health systems. However, the voluntary nature of these
systems, and the reliance on user participation, need to be considered.

In this chapter, we find that the presence of ILI in the household, as well
as other demographic factors, impacts the probability a user will submit a
report. At a population level in FluTracking, this results in overestimation of
the prevalence of ILI in the population when using the näıve estimate. This
difference is greatest near the peak prevalence of ILI. This may be due to
users being triggered to report by their symptoms, and being more likely to
report in voluntary health surveillance systems when directly affected by the
illness, through their household, or more strongly by personal experience.

Participation in FluTracking, derived as the number of on-time reports di-
vided by the number of registered users reporting at least once in a given
year, generally ranges between 70% and 90% for any given year and any
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given week. This is much higher than rates observed in Influenzanet and Flu
Near You, where previous studies have shown that 70% and 35% of users
respectively submit more than 3 reports in a season [6, 9]. This is despite
FluTracking having proportionally much higher numbers of participants than
the European and US systems, relative to the respective populations of these
regions. While the variance of participation over time has not been examined
in the other systems, correcting for user behaviour could potentially be even
more critical than observed here.

The estimates of the prevalence of ILI were not modelled with influenza vac-
cination status incorporated, but were used in the model of behaviour. As
mentioned earlier, models with vaccination status included were considered,
but are not presented here. Models which produce simple ILI prevalence es-
timates, as examined here, cannot be used as a measure of influenza vaccine
effectiveness. The vaccine is not targeted to ILI, and the changes in preva-
lence over time does not consider the population size, or the number of cases
of influenza reduced in a season. For these reasons, vaccination status was
not incorporated into the model for prevalence estimates.

However, there exists the potential to construct a measure of vaccine effective-
ness by comparing the two groups. The conventional metric of test-negative
cases [62] does not extend simply to the behaviour corrected estimates pre-
sented here. However, with the ability to correct for potential bias in the
data and reporting behaviour across different years, further studies may help
inform vaccine effectiveness estimates in near real time.

Whilst past behaviours and illness status were used to predict user participa-
tion within the season, this study did not attempt to train the model across
seasons. Training the model across every season would allow for users’ be-
haviour in past years to inform behaviour in later seasons. However, the
computational difficulty in substantially increasing the size of the training
data, and the number of parameters involved, remains a challenge left for
further work.

Predictors for user behaviour have only been taken from within the FluTrack-
ing data set. Social media and news coverage [82] and public awareness [41]
are some examples where external factors can influence behaviour during
an epidemic. Inclusion of these factors in the model may further improve
estimates of disease prevalence where user behaviour may be significant.

This analysis assumes each individual has an equal and independent proba-
bility of having ILI in a given week. Incorporating a spatial or mechanistic
model, particularly given the postcode and demographic information in the
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data set may enable further insights into the mechanisms that drive the
transmission of influenza and ILI in Australia, and provide spatially resolved
prevalence estimates. Recent analysis has shown the onset of influenza epi-
demics is largely synchronised across regional areas [43].

In this chapter we have shown that user behaviour can have a significant effect
on disease prevalence estimates drawn from the data. The framework devel-
oped herein, which elucidates drivers of user reporting in voluntary health
surveillance systems and improves estimates of disease prevalence, empha-
sises the importance of the relationship between human behaviour and obser-
vations of disease. In the following chapter, we will consider this relationship
from another dimension of disease observation.



Chapter 4

Behaviour in influenza testing
associated with family doctors

In Chapter 3, we introduced a Bayesian framework that examined the role
of individual behaviours on the observation of disease. We showed that the
presence of symptoms and different demography influenced the probability
of reporting in a participatory web surveillance platform. In this chapter, we
will examine how demography can influence the probability of being associ-
ated with an influenza test from a family doctor or primary care physician.
Traditional surveillance will contain information on those who have received
a test, but not those where the physician chose not to test. FluTracking, and
other web-based surveillance platforms, can provide this insight, and exam-
ine whether different age groups are under or over represented in traditional
data sets of confirmed influenza activity, whether due to unconscious bias or
risk based assessments.

4.1 Background

4.1.1 Healthcare-seeking behaviour

Seasonal influenza places a significant burden on public health systems. Tra-
ditional influenza surveillance relies on notifications from family doctors,
hospitals and laboratory confirmed cases, with family doctor (general prac-
titioner) testing providing a key source of information [110]. This unfortu-
nately takes time and costs resources, relying on samples physically sent to
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laboratories and then notifications passed on, resulting in up to several weeks
of delay between observation of illness and confirmation. Web-based partic-
ipatory health surveillance systems address these issues by providing timely
and low cost surveillance that is complementary to traditional systems. As
examined in the previous chapter, FluTracking [28] is one such online health
surveillance system, primarily focussed on influenza-like-illness (ILI) surveil-
lance. We will again see that this digital dataset has an important role in
providing insight into human behaviour in observing disease prevalence.

The effect of human behaviour and healthcare-seeking behaviours are known
to have a substantial influence on the surveillance of disease outbreaks [40,
59, 73], and we have already seen an example of this for FluTracking in the
previous chapter, where user reporting behaviour changed when symptoms
occurred. The impact of behaviour is not restricted to the patients, but
includes the clinical decision making of family doctors [12, 79]. As a key
source for traditional surveillance, the behaviour of family doctors directly
influences observations in public health surveillance and must be understood.
Web-based health surveillance platforms can provide novel insight into these
behaviours that were previously difficult or unobtainable from traditional
surveillance [8, 26, 84].

It has been observed that healthcare-seeking behaviour and perceived risk can
be predicted from individual and household demographics [29, 61], and this
could potentially influence the family doctor in their likelihood of requesting
a test. If this influence does occur, then there may be subsequent unforeseen
consequences in patient outcomes, as influenza testing has been observed to
influence clinical decision-making and management of patients [12].

In this chapter, we demonstrate that testing behaviour can be more effectively
predicted and understood using data that utilise digital surveillance systems
by incorporating the complementary information they collect compared with
standard notification data. For example, FluTracking collects data on indi-
viduals who may have not sought healthcare services. We present results that
provide insight into the predictors of influenza testing associated with family
doctors, and explore the difficulty in the prediction of rare, uncertain events
and the appropriateness of certain metrics in determining the performance
of models.
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4.1.2 Validation metrics

The application of machine learning (ML) models to healthcare problems
has been examined previously due to their predictive performance [2, 19, 25].
However, examinations of the risks and issues with intelligibility require com-
parisons with statistical models such as logistic regression, with consideration
given to balancing interpretability with predictive ability. The most appro-
priate choice of performance metric is often unclear, as the risks and ethics in-
volved in healthcare require careful consideration on what a predictive model
should prioritise.

The choice of a validation and performance metric in health prediction prob-
lems is often challenging due to the consequences of model predictions. The
simplest metrics commonly used are precision, recall and accuracy. Precision
is the proportion of correct positive classifications among all predicted pos-
itive classifications, but neglects to consider the performance in predicting
negative classifications. Recall also shares the same issue, being defined as
the proportion of correct positive classifications among all true positive classi-
fications. Accuracy is defined here to be the proportion of correct predictions
of all classifications. While accuracy may appear to be an intuitive choice
for a performance metric, it does not allow for consideration to the risks of
classification errors and can be misleading when classes are unbalanced in
the data [108], such as in disease incidence or testing rates.

The balanced accuracy score can address the unbalanced classes, as it is the
average of the recall of each class. However, it does not consider sensitivity
and specificity, which may have ethical or risk based consequences that must
be considered in a public health setting. Though the F1-score (the harmonic
mean of precision and recall) does account for sensitivity and specificity, the
score is evaluated at a chosen threshold for models with probabilistic or score
based predictions and does not consider the true negative rate. The Receiver
Operator Characteristic (ROC) curve allows comparison at all thresholds,
providing a visual description of a model’s performance and allows for a
model to be assessed according to varying levels of risk. For this reason,
particularly in healthcare, the area under the ROC curve (AUC) [36], is
often used as an overall measure of a model’s performance [2, 19, 25].

In this work, we seek to understand what factors influence the probability of
a patient receiving an influenza test, and not necessarily the best performing
classifier. Strictly proper scoring rules are metrics that are uniquely opti-
mised by the true probability distribution of the event. The logarithmic loss
is one such rule [45], and therefore minimising the logarithmic loss will result
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in correctly producing the true probabilities of the outcome. This property of
the logarithmic loss and its similarity to the binomial likelihood in Bayesian
logistic regression suggests it is a natural performance metric to consider
in a binary classification problem. Here we will use, where applicable, the
score produced by the ML algorithm in place of probabilities to evaluate the
logarithmic loss.

Each performance metric has its own advantages and disadvantages, so for
completeness, this study will include all metrics discussed above.

4.1.3 Dataset

We have already encountered the FluTracking dataset in the previous chap-
ter, but we will reintroduce particular aspects for clarity and their applicabil-
ity to the work in this chapter. Participants of FluTracking provide various
demographic details about themselves at registration. Users may also report
on behalf of other members in their household. After registering, participants
are sent an email each week requesting a report on whether they experienced
ILI symptoms in the week before. If they report having ILI symptoms, follow
up questions about choices of healthcare-seeking behaviour and whether an
influenza test was received are asked. The entire set of variables taken from
FluTracking and considered in this study can be seen in Table 3.1.

In this work, we considered all participants, both masters and their household
members, who reported having ILI and visited a family doctor at least once
in the year in Australia between 2011 and 2017. This is composed of 831,593
unique reports from 22,824 individuals. These reports and the variables listed
in Table 3.1 were used to generate the demographics and past health history
of each individual and their reported households. The predictors generated
by these reports and used in the model are summarised in the Appendix in
Table B.1.

4.2 Methods

We seek to use the derived variables in Table B.1 to predict the probability
of an individual receiving an influenza test, given they present to the fam-
ily doctor with ILI symptoms. We are therefore interested only in reports
where the individual reported having ILI and visited the family doctor. If an
individual visited the hospital or emergency department in the same week



4.2. Methods 39

Table 4.1: The number of reported family doctor visits and influenza tests
received by users of FluTracking in each year of study.

Year Doctor visits reported Tests conducted (% of visits)
2011 2,292 96 (4.2%)
2012 2,995 149 (5.0%)
2013 2,772 111 (4.0%)
2014 4,151 274 (6.6%)
2015 5,469 382 (7.0%)
2016 5,437 421 (7.7%)
2017 6,832 957 (14.0%)
Total 29,948 2390 (8.0%)

as the family doctor, where the test was requested cannot be determined in
FluTracking. Therefore, all of these reports are excluded. This results in a
total of 29,948 surveys of interest. The breakdown of the dataset by year can
be seen in Table 4.1.

For each individual i visiting the family doctor with ILI, we seek to use a set
of predictors xi (Table B.1) to determine the probability pi that the patient
will receive a test requested by the family doctor. We define yi = 1 to indicate
a test was conducted, and yi = 0 if not. Then

yi ∼ Bernoulli (pi) . (4.1)

We use Bayesian logistic regression to estimate pi,

log

󰀕
pi

1− pi

󰀖
= xT

i θ, (4.2)

where θ is a parameter vector containing the regression coefficients, or weights,
of the predictors. The posterior distribution of the parameters θ conditional
on the data X and y, via Bayes’ rule:

P (θ|X,y) ∝ P (y|θ,X)P (θ) . (4.3)

The prior distribution chosen for the parameters is

θ ∼ Normal(0, 0.7I),

where 0 is the zero vector and I is the identity matrix. The choice of the co-
variance matrix in this prior for the parameters in the log odds space provides
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a near uniform distribution in the probability space, while also providing a
level of regularisation on the posterior distribution of the parameters.

We also compare our model to a näıve proportion:

p̄i =

󰁓
i yi
N

, (4.4)

which is the assumption that the testing rate is constant through the popu-
lation, and testing is uniformly random at the mean testing rate.

For validating and benchmarking our Bayesian logistic regression, we seek
comparisons with other supervised learning algorithms which require little
to no tuning. The ML classifiers used were the support vector machine
with a radial kernel (SVM-RBF), the random forest (RF), and gradient tree
boosting (GB) [57]. All ML algorithms were implemented using the scikit-
learn package (version 0.20.2) [92]. Unless otherwise stated, the default pa-
rameter values for the implementation of these classifiers were used. As
the data set contains unbalanced classes, the SVM-RBF and RF algorithms
were trained with the samples weighted inversely proportional to their class
frequencies. The GB algorithm inherently addresses unbalanced classes, as
assigning weights to individual samples is a key step in the algorithm.

4.2.1 Model fitting

All but one predictor value ranged between 0 and 1. Only the parameter for
the number of days absent from normal duties had a different range (from 0
to 7), and this was normalised to the unit interval to improve model training,
parameter comparisons and interpretation.

To estimate the posterior distribution of the parameters of the model, Hamil-
tonian Monte Carlo (HMC) was used through the Python implementation
of the software package Stan (version 2.18) [18], as we have done throughout
this thesis.

4.2.2 Validation

To validate and measure the performance of the models, a random 80% sub-
sample of the data was used for training, and the remaining data excluded as
a test set. Comparison classifiers are similarly trained and validated on the
same subsamples. All performance metrics are evaluated using the test set.
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Table 4.2: A comparison of the Bayesian model against other ML classifiers.
All values listed are median values (90% credible intervals) of the distribution
of the metrics (excepting SVM-RBF and RF). The best value of each metric
(by median where applicable) is in bold.
Algorithm Accuracy Balanced F1 score Log loss AUC

Accuracy

Näıve 0.854 0.500 0.079 1642 0
(0.850-0.858) (0.492-0.509) (0.064-0.095)

Logistic 0.859 0.518 0.111 1562 0.671
Regression (0.854-0.864) (0.508-0.527) (0.094-0.129) (1560-1565) (0.668-0.673)
SVM-RBF 0.675 0.628 0.216 - -

RF 0.719 0.585 0.167 infinite∗ 0.612
(0.713-0.725) (0.543-0.567) (0.157-0.177)

GB 0.860 0.518 0.113 1556 0.678
(0.856-0.864) (0.509-0.528) (0.095-0.130)

Where probability estimates pi or scores are given by the algorithm (logis-
tic regression, RF and GB), the performance metrics (excepting logarithmic
loss and AUC) were calculated by evaluating pi for every i using the model,
simulating Bernoulli trials and then calculating the performance metric over
all i. This was repeated 1,000 times to construct a distribution of each per-
formance metric. In the Bayesian logistic regression model, pi was calculated
using a random sample of the posterior P (θ|X,y) for each repetition and
for each individual i, carrying the uncertainty through the evaluation of the
metrics.

4.3 Results

We constructed a Bayesian model to estimate the probability of receiving
an influenza test requested by the family doctor given the patient presented
with ILI. We benchmark our model against ML classifiers to validate the per-
formance of our model, before examining the insight into doctor behaviour.

4.3.1 Model performance

All models were an improvement on the näıve model in nearly all metrics,
indicating that there is predictive power in the data provided by the detailed
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FluTracking reports. Bayesian logistic regression performed favourably in
accuracy, logarithmic loss and AUC, where it is within 1% of the best per-
forming algorithm. This provides confidence in the validity of the insights
drawn from our model.

The prediction performance of the näıve model, Bayesian logistic regression
and the ML classifiers are in Table 4.2 and Figure 4.1. Where necessary, dis-
tributions of metrics are summarised with the median of the distribution and
the 90% credible interval. Note that RF made multiple incorrect predictions
with probability 1, resulting in infinite log loss.

While the SVM-RBF performs the best in balanced accuracy and F1 score,
it performs very poorly in accuracy. As SVM-RBF is unable to provide
scores or probabilities without further tailoring, it was not assessed using the
logarithmic loss or AUC, and therefore it is difficult to assess its appropri-
ateness for predictions in a public health setting, particularly with its low
interpretability [57]. While GB performs slightly better than the Bayesian
logistic regression across all metrics, it is only a 1% improvement in AUC
compared to the AUC of 0.673 of the maximum a posteriori (MAP) estimate,
and has similarly small improvement in the other metrics.

4.3.2 Interpretation of predictors

To examine the impact of each predictor on the outcome of whether an
influenza test is received, the marginal posterior densities of the log odds
ratio of the regression coefficients can be compared in Figure 4.2. This level
of direct interpretation in only possible for the Bayesian logistic regression
model.

The greatest predictor of whether an influenza test will be received is the
number of days absent from normal duties and work. This can be interpreted
as a measure of the severity of the illness presented to the family doctor, and
implies that the more severe the ILI is, the more likely it is an influenza test
will occur. Patients where the current visit to the family doctor for ILI is
not the first visit for ILI in the same year are predicted to be tested more
often. This could be interpreted as patients who seek healthcare more than
once, whether due to severity or risk perception, are more likely to be tested.
The implied severity of ILI is unsurprisingly a strong predictor for whether
an influenza test will be received.

Interestingly, if the patient is in a patient facing occupation, they are more
likely to have an influenza test. This may be due to the increased risk of
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Figure 4.1: The ROC curves of the MAP estimate of the logistic regression
(yellow solid), the gradient boosted trees (green dashed), the Random Forest
(red dots), and the Support Vector Machine with radial basis kernel (purple
cross). The näıve estimate (blue dashdot) is plotted for comparison.
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transmitting influenza by the patient due to their occupation, or access to
testing services. Regardless of the cause, this indicates that healthcare work-
ers are over represented in influenza testing statistics, and may bias surveil-
lance systems. This is similarly the case for elderly patients, and patients
with elderly members in their household. Previous work has shown that
these demographics are generally over represented in other web surveillance
systems [9].

The model was unable to identify the predictive power of the patient being
under 5 years of age, as the marginal posterior distribution is very similar to
the prior distribution. This is in direct contrast to the predictive power of
the patient being between 5 to 15 years of age (a youth), which the model
finds is strongly predictive of not receiving an influenza test. This is despite
the number of individuals in the training set under 5 years of age being
quite similar to the number of individuals between 5 to 15 years of age.
Alongside the model’s inference that healthcare workers, elderly patients,
and patients with elderly members in the household, it can be seen that
influenza testing rates are also biased towards these demographics. This has
important implications for interpretation of traditional summary statistics of
influenza surveillance, particularly where there are differing risks for certain
demographics or age profiles [110].

Figure 4.3 displays the base rate of testing, and the variation in testing across
all individual years examined in this study, outside of the other included
predictors. While the base rate of testing was low (negative log odds ratio),
it can be seen that as the years progressed, there was an overall increase in the
probability of receiving influenza tests. This has implications in comparing
the population statistics from traditional surveillance systems across different
years, due to the substantial change in testing rates, even accounting for the
demographic differences considered in this model.

4.3.3 Individual level predictions

A further advantage of the Bayesian method over traditional ML classifiers
is the ability to examine individual level predictions with an inherent char-
acterisation of uncertainty. This can be used by health practitioners to com-
prehensively examine risks. Figure 4.4 describes a specific patient’s posterior
predictive density of receiving an influenza test (blue), and compares this to
the population posterior and the näıve model prediction (mean testing rate).
The individual’s density is much more concentrated than the population
density, demonstrating that the variation among patients is what drives the
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Figure 4.2: The marginal posterior densities of the log odds ratio of certain
regression coefficients for predicting the probability of receiving an influenza
test when presenting to the family doctor.
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Figure 4.3: The marginal posterior densities of the log odds ratio of the
regression coefficients for base level predictors of receiving an influenza test
when presenting to the family doctor. The sum of the parameter values of
base rate and the corresponding year gives the overall base level of testing
in a given year, given the same demographic predictor values. A gradual
increase in base level of testing can be seen over time, particularly in recent
years.
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Figure 4.4: The posterior density of the probability of receiving an influenza
test for a specific individual in 2017 (blue solid) when presenting to the family
doctor, and the impact of changing various predictors on this individual’s
probability. If this individual was 5 to 15 years of age (red dashed), or was
in a patient facing occupation (green dashdot), the posterior density shifts
substantially. The population posterior predictive density (yellow dotted)
and the näıve proportion (blue dashed) are plotted for comparison.

variance in the population posterior, not the uncertainty in the model. The
effect of changing the patient’s predictors and their effect on the posterior
probability of receiving an influenza test can be clearly observed. For exam-
ple, if the patient were actually in a patient facing occupation, the posterior
predictive density is shifted substantially higher, with very low probability
mass overlapping the original distribution. A similarly substantial shift, but
in the opposite direction, occurs if the patient was a youth aged between 5
and 15 years of age.
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4.4 Discussion

Our study shows that various demographic factors influence the decision by
the family doctor to request, or the patient to receive, an influenza test. We
see that age, household demographics and whether the patient is a health-
care worker are important predictors in whether an influenza test will be
conducted. This insight has important public health surveillance implica-
tions, and is observable through the analysis of a web-based health surveil-
lance system. These insights would not have been easily discerned through
traditional surveillance systems alone.

Computational time was in the order of seconds to minutes across algorithms.
Further work will examine the impact of the insights discovered here, and
their implications for the surveillance of disease outbreaks. The bias intro-
duced into population level statistics and epidemic models may have substan-
tial implications. A comparison with other web-based influenza surveillance
platforms may also yield interesting insights into the cultural or geographic
differences.

This study excluded reports where a hospital or emergency department visit
occurred in the same reported week, and this may remove certain severe
cases from the analysis. As explained in the methods, it is not possible to
determine whether the influenza test was requested by the family doctor or
by the other health care providers in the FluTracking system, and so must
be excluded form this analysis. As this study has found the implied severity
of illness to impact the probability of receiving an influenza test, bias may
be introduced by excluding these occurrences and should be investigated in
future work.

The marginal improvement in performance observed of the best ML algo-
rithm (GB) indicates that logistic regression performs favourably against the
ML algorithms as benchmarks. However, Bayesian logistic regression is able
to provide insight into the predictors that influence whether an influenza test
is received and inherently accounts for uncertainty in predictions. These fac-
tors are of importance to public health, and we argue should not be discarded
for marginal improvements in predictive performance.

In this chapter we have continued the theme from Chapter 3 of deriving
insights on behaviour in disease surveillance from a digital web surveillance
system. In using Bayesian inference methods, we sacrificed very little in
predictive performance compared to other ML classifiers, while maintaining
the ability to discover how human behaviour has influenced the observation
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of influenza through testing practises.
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Chapter 5

Forecasting COVID-19 cases in
Australia using social mobility
metrics

In previous chapters we have examined how behaviour needs to be considered
when examining digital data sets in epidemiology, and provided frameworks
for determining their influence. Given the outbreak of the novel SARS-CoV-
2 (COVID-19) viral pandemic as a major public health threat in early 2020,
forecasting the spread of the disease amongst changing public health policies
and public behaviour changes has become an imperative to assisting public
health institutions in responding to the pandemic.

In this chapter we focus on using digital data, in the form of social mobility
metrics, to forecast COVID-19 cases in all jurisdictions of Australia. Social
mobility metrics can be used as a measure of the effect of public health
policies and behaviour changes in forecasting models, adjusting for the time
varying nature of the COVID-19 pandemic.

The effective reproduction number Reff is an important latent parameter in
epidemiology, representing the average number of secondary cases of an in-
fected case. Reff can be retrospectively estimated through examining the
number of cases over time [27, 112], but to forecast cases using a mechanistic
model, it must incorporate some estimate of the future transmission poten-
tial and/or arrival of infected cases. The relatively low number of cases in
Australia also creates difficulties in utilising methods that rely on historical
case incidence. Measures of mobility of each Australian jurisdiction provided
by Google [49] and survey results of the public’s behaviour in adhering to
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personal distancing measures provides the ability to link these indicators to
an estimate of the effective reproduction number in the near future. This
allows for a mechanistic model to forecast cases.

The relatively few cases of local transmission in Australia, in conjunction with
strict border control measures internationally and domestically, makes it nat-
ural to forecast the number of cases in each jurisdiction using a stochastic
branching model. This generative model, using estimates from the literature
for epidemiological parameters, can be paired with a model for the time vary-
ing effective reproduction number to forecast COVID-19 cases in Australian
jurisdictions. This framework can adapt to changing public health policies
and responses to the ongoing pandemic, particularly during small outbreaks
and the irregular but frequent responses to outbreaks seen in Australia.

We develop a generative model of the dynamics of SARS-CoV-2 in Australia,
and forecast COVID-19 cases by jurisdiction. The model links social isolation
measures – captured via publicly available Google Mobility Indices[49], and
an estimated “Micro-distancing” parameter – to the effective reproduction
number of local infectious individuals, allowing us to produce forecasts under
changes to Government-imposed isolation and social distancing measures.

Both this chapter and Chapter 6 use surveillance data reported through the
Communicable Diseases Network Australia (CDNA) as part of the nationally
coordinated response to COVID-19. We thank public health staff from inci-
dent emergency operations centres in state and territory health departments,
and the Australian Government Department of Health, along with state and
territory public health laboratories. We thank members of CDNA for their
feedback and perspectives on the study results.

5.1 Methods

In this framework, social mobility metrics and indicators of public behaviour
are incorporated into a model for the effective reproduction number, and
calibrated to an established method [27, 112] that relies on historical case
incidence. We obtain a posterior predictive distribution of the effective repro-
duction number over time, then use a branching process model to simulate
and forecast the number of cases in each Australian jurisdiction, removing
simulations that do not adequately reflect recent case incidence. An overview
of the framework can be seen in Figure 5.1.
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Figure 5.1: An overview of the pipeline for the model, from historical case
data to estimating the effective reproduction number, calibrating the social
mobility model, and then simulating and forecasting COVID-19 cases.

5.1.1 Data

Historical case incidence was obtained with permission from the National
Notifiable Disease Surveillance System (NNDSS) of Australia, which provides
the data of symptom onset and the place of acquisition, where known.

The Google Mobility Indices [49] are provided as Community Mobility Re-
ports, and comprise of six mobility trends: Grocery & pharmacy, Parks,
Transit stations, Retail & recreation, Residential, and Workplaces. All in-
dices, except Residential, provide a measure of the number of visitors to
locations of each category relative to a baseline in early 2020. The Resi-
dential index measures the relative change in duration, and therefore uses a
different unit of measurement to the others. It can also be considered as the
complement of the other categories for the majority of the population. For
this reason, it is not used in this analysis. These trends represent proxies for
the wider changes in social mobility, and is an indicator of the opportunities
for transmission of COVID-19.

Individual behaviours, such as remaining 1.5 metres apart from non-household
contacts, are surveyed originally by the Behavioural Economics Team of
the Australian Government and currently by the Australian Department of
Health to estimate social distancing at the individual level. This survey
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is targeted to be representative of the Australian adult population, and is
aggregated into a weekly summary of responses to determine the changing
public response to transmission reduction behaviours. This measure gives an
indication on the probability any given interaction will lead to an infection
event.

5.1.2 Inferring effective reproduction numbers

We use the framework developed by Cori et al. (2013) [27] and Thompson
et al. (2019) [112], where the number of local and imported cases observed
each day are used to infer the distribution of the overall effective repro-
duction number, assuming fixed distributions of the incubation period and
generation interval. We use an incubation period that is Gamma distributed
with shape parameter 5.807 and scale parameter 0.948 [72]. Based on this
incubation period, we follow [1] and use the generation interval defined by
a Gamma distribution with mean 3.635 days and standard deviation 3.075
days, as described in [42]. We estimate a reporting delay distribution from
the case data by finding the maximum likelihood estimates of the param-
eters of a Gamma distribution of the time between symptom onset, where
known, to the notification date. This gave a shape parameter of 1.82, and
a scale parameter of 2.88. The posterior distribution of the effective repro-
duction number Reff from this process is estimated for each Australian State
using case data, as seen in Figure 5.2. We assume a prior distribution of
Gamma(1,2) and smoothing parameter τ = 4.

This estimate will be referred to as the historical reproduction number Reff

from this point onwards.

5.1.3 Calibrating social mobility model

The estimates of Reff in Figure 5.2 use historical case data, and cannot be
used to forecast cases. In periods of low epidemic activity, the posterior dis-
tribution also reverts to the prior distribution, which in our implementation
is uninformative when predicting the path of a possible outbreak of cases in
the future. To address these issues, we combine social mobility measures and
behavioural data to model and forecast the effective reproduction number
in each Australian jurisdiction. However, instead of using the daily death
rates and inferring the infection fatality ratio as in earlier work [39, 114],
we calibrate this model to the historical estimates of Reff. We do not rely
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on inference from daily death rates here, due to the estimated high levels of
detection of COVID-19 cases in Australia [95, 100].

Within Australia, there have been jurisdictional level differences in policy
and response to social distancing, but the underlying culture and mobility
patterns may have commonalities within the nation. As such, we employ a
hierarchical model to partially pool information between jurisdictions, while
allowing for inferred differences where they may occur.

These estimates of the effective reproduction numbers are assumed to be
dependent upon the proportion of observed imported cases out of all observed
cases (ρ), the impact of “macro” social isolation measures – captured via
Google Mobility Indices (ω(t)) – and “micro-distancing” (Md) behaviours –
captured by the survey of the Australian public.

We link our estimates of the effective reproduction numbers with the lat-
ter features via the model described in equations 5.1 and 5.2, where µ̂(t)
represents the overall effective reproduction number of all cases, and RL(t)
represents the time varying effective reproduction number from local cases:

µ̂(t) = ρ(t)RI + (1− ρ(t))RL(t), (5.1)

RL(t) = RLiM
1{post-ban}
d × 2× logistic

󰀃
βTΩ(t)

󰀄
(5.2)

in which:

• ρ(t) (inferred; jurisdictional level) is the proportion of imported cases
(of all cases) on day t;

• RI (inferred; national level) is the effective reproduction number of
imported cases;

• RLi (inferred; jurisdictional level) is the effective reproduction number
of local cases at base levels of mobility for each jurisdiction i;

• Md (inferred; national level) is a micro-distancing factor, which allows
for the effective reproduction number of local cases to be reduced post
20/03/2020 (1{post-ban} is an indicator function of post that time point);

• β (inferred; national level) is a vector of parameters that links Google
Mobility Indices to the effective reproduction number of local cases via
the logistic function, which ranges between 0 and 1; and,

• Ω(t) (jurisdictional level) is a vector comprising the Google Mobility
Indices on day t.
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The logistic function ranges from 0 to 1, and if the Google Mobility Indices
are at baseline (the zero vector), then the logistic function will have value
0.5. To ensure at baseline there is no impact on the effective reproduction
number, we multiply the logistic function by a multiple of 2.

20/03/2020 was chosen as the date at which micro-distancing takes effect,
as this is the date many Australian government policies on social distancing
were announced. We use a hierarchical model to infer RLi via the following
distributions, parameterised using shape and scale for Gamma distributions,
and rate for Exponential distributions:

RLi ∼ Gamma(R2
L0/σ

2, σ2/RL0),

RL0 ∼ Gamma(1.82/0.01, 1.8/0.01),

σ2 ∼ Exponential(20),

where RL0 is the mean effective reproduction number at the national level
at baseline levels of social distancing, and σ2 the variance in the effective
reproduction numbers across jurisdictions. Parameterised in this way, the
hyperprior for RL0 and the prior for each RLi has a mean of 1.8.

The micro-distancing factor Md is modelled through the following relation-
ship:

Md = (1 + θ)−γ(t), θ, γ(t) > 0 (5.3)

where γ(t) is the proportion of individuals always complying with the rec-
ommended health policy of maintaining 1.5 metres of distance from non-
household members on day t, taken from the behavioural survey.

We assume that (the likelihood)

µ̂(t) ∼ Gamma(k(t), θ(t)) (5.4)

with k(t) = E[Reff(t)]
2

V ar(Reff(t))
and θ(t) = V ar(Reff(t))

E[Reff(t)]
, to calibrate the social mobility

model with the posterior predictive distribution of Reff estimates.

We perform inference in a Bayesian framework, using Hamiltonian Monte
Carlo through the software package pystan [109]. Prior distributions for the



5.1. Methods 57

parameters are:

ρ(t) ∼ Beta (1 + I(t), 1 + L(t)) ;

β ∼ Normal(0, 1);

RI ∼ Gamma(1.25, 0.4);

θ ∼ Lognormal(0, 0.5);

γ(t) ∼ Beta (1 + A(t), 1 +N(t)) ,

where I(t) and L(t) are the number of imported and local cases on day t
respectively, ω(t) (state level) are the 7-day future moving average of Google
Mobility Indices on day t, A(t) is the number of survey respondents on day
t who claim to always be complying to the recommended health policy of
maintaining 1.5 metres of distance from non-household members, and N(t)
is the number of survey respondents who do not.

Calibrating the social mobility model (5.4) to time periods where the histor-
ical effective reproduction number Reff has reverted to the prior is uninfor-
mative and will result in the model learning parameters that relate to the
prior distribution. Small, localised outbreak clusters (<10 cases) may also
not be brought about by population-level mobility, and the initial incursion
should be excluded from the calibration. For this reason, the social mobility
model is only calibrated to specific time periods in each jurisdiction.

We use case data for every state in Australia through the month of March,
and case data from New South Wales and Victoria from 1st May to 10 days
before the day the forecast begins to calibrate the social mobility model. We
then generate the posterior predictive distribution of the effective reproduc-
tion numbers RL(t) and RI for local and imported cases respectively in each
jurisdiction over time. The marginal posterior densities of RI and each RLi

in inferred from calibration can be seen in Figure 5.5, and indicates sub-
stantial variation in baseline reproduction numbers across jurisdictions. The
low value of RI is consistent with the overall success of the quarantine of
imported cases. The posterior distribution of µ̂(t) can be seen in Appendix
C, and matches well to the reference distribution Reff.

The Northern Territory (NT) and Australian Capital Territory observed very
few cases overall, and so were not included in the inference at any stage. Their
baseline effective reproduction number is assumed to follow the posterior
distribution of RL0.
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5.1.4 Forecasts of mobility indices

While the effective reproduction number is an important epidemiological pa-
rameter to consider, the intensity of the initial public health response must
consider the predicted number of COVID-19 cases in the near future, which
require validated forecasts.

Our forecasts are produced by first forecasting the Google Mobility Indices
using a random walk with drift [81]. Uncertainty in each index was intro-
duced by using the standard deviation of the 7 data points used in the 7-day
moving average. For all Google Mobility Indices in each jurisdiction, the dif-
ferences in each successive day were assumed normally distributed and the
mean and covariance matrix of the distribution estimated through a maxi-
mum likelihood estimator. This was applied to the previous 28 days from the
last Google mobility index entry, which may be before the date the forecast
is occurring on. The indices were then forecasted for at least the next 28
days (28 forecast days and any extra required days that Google has yet to
provide) by successively adding a sample from the estimated multi-variate
normal distribution each day, starting at the average value of the index in
the preceding week to the forecast date. Each index is capped at a maxi-
mum of 0% of baseline or the historical maximum (whichever is higher), and
-50% of baseline or the historical minimum (whichever is lower) to maintain
reasonable estimates of the trend. These forecasts can be seen in Appendix
C.

Using the posterior distribution of the parameters found in the inference of
data from March and calibrated against the effective reproduction number
Reff, and the forecasted Google Mobility Indices, we then generate posterior
predictive distributions of RL over time using (5.2) for each jurisdiction.

5.1.5 Generative simulation model

We simulate the daily number of cases using a branching process based on
the estimated reproduction number described above. The generative model
contains three types of infectious individuals:

• Imported (II),

• Asymptomatic (IA), and

• Symptomatic (IS).
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Given the index cases as initial conditions, we simulate the number of cases
as a continuous-time branching process.

5.1.6 Secondary case distribution

Let αS correspond to the contribution of transmissibility of symptomatic lo-
cal cases and αA correspond to the contribution of transmissibility of asymp-
tomatic local cases. Each case is assumed to generate a number of cases
drawn from a Negative Binomial distribution, with parameters k and, re-
spectively, RI/(RI + k), αARL(t)/(αARL(t)+ k) and αSRL(t)/(αSRL(t)+ k)
for imported, asymptomatic and symptomatic local cases. The parameters
RI and RL(t) (the Effective Reproduction Numbers) are sampled from the
posterior distributions described above. Using Equation (5.2), a single sam-
ple from the posterior generates RL(t) for any t and jurisdiction. Each simu-
lation then uses a single sample of the posterior. The parameter k has been
set equal to 0.1 in our analysis [35]. This value allows for heterogeneity in
the transmissibility of individuals – so-called super spreading – in that the
mean is realised with high variance.

The Reff estimate inferred from the NNDSS case data does not readily dis-
tinguish between symptomatic and asymptomatic cases, and index cases in
the initial outbreak are all assumed to be symptomatic. The effective repro-
duction number is the average number of secondary infections caused by an
infected individual, and can be characterised as

Reff =
st+1

st
, (5.5)

where st is the number of detected symptomatic cases in generation t.

In order to correctly attribute the contributions to secondary cases between
symptomatic and asymptomatic cases, we require

st+1 = (StαSRL + AtαARL)pSqS, (5.6)

where St is the actual number of local symptomatic cases, At is the actual
number of local asymptomatic cases, pS is the probability of being symp-
tomatic and qS is the probability of detecting a local symptomatic case.
Using Equations (5.5) and (5.6), and for local cases where Reff = RL, we
have
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Table 5.1: The assumed detection probabilities of Symptomatic, Asymp-
tomatic and Imported cases for each jurisdiction.

Jurisdiction qS qA qI
NSW 0.80 0.05 0.95
QLD 0.90 0.05 0.95
SA 0.70 0.05 0.95
TAS 0.40 0.05 0.95
VIC 0.75 0.05 0.95
WA 0.70 0.05 0.95
ACT 0.95 0.70 0.95
NT 0.95 0.70 0.95

αSpS + αA(1− pS) = 1. (5.7)

We set the probability of a case being symptomatic ps to 0.7 and the relative
infectiousness of asymptomatic cases αA to 0.5 of symptomatic cases, consis-
tent with earlier studies [15, 89, 100]. Equation (5.7) then determines that
αS = 1.18 and αA = 0.59.

The generative model must also consider probabilities of observing infectious
cases. Infectious individuals are detected, and hence become a case, with
probabilities qI , qA and qS respectively. See Table 5.1 for the values used
in this forecast, and are chosen based on values determined in Price et al.
(2020) [95].

We additionally assume a Poi(λt) number of new imported infectious individ-
uals on day t, where the mean arrival rate λt is a piecewise constant function
inferred from data for each jurisdiction. Please see Appendix C for further
details.

For each infected individual, we generate the time that they became infected
by adding to the time of infection of their parent. For those that are detected
and symptomatic, we also need to add on to their time of infection the delay
until symptom onset. These times are sampled from the generation interval
and incubation period defined earlier, and taken from [72] and [42], following
[1].
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5.1.7 Initialisation of model

Initialisation is based upon the very early stages of the outbreak. This is
because we assume that in the early stages the cases observed make up a
large proportion of initial infections, and hence considering these as an initial
generation is reasonable.

The generative model is therefore initialised on 01/03/2020, where there were
less than three local cases in any jurisdiction and transmission was largely
driven by importations. The model is simulated up to the end of the forecast.

Specifically:

• Given nS symptomatic local cases, and nI imported cases with symp-
tom onset times on 01/03/2020, we generate:

– Undetected symptomatic individuals, US ∼ NegBin(nS, qS) and
undetected imports UI ∼ NegBin(nI , qI); and,

– Asymptomatic individuals, IA ∼ NegBin(IS, pS).

• Assign an infection time to the US, UI and IA individuals, by subtract-
ing a sample from the incubation period distribution.

5.1.8 Conditioning on data

Events that are difficult to forecast precisely will occur, and did occur in
Australia in 2020. These are typically initial cluster outbreaks localised to
small regions that previously had little epidemic activity. However, once oc-
curred, forecasts must be conditioned on these clusters occurring as observed.
Examples in Australia include those in Tasmanian hospitals and in various
settings in Victoria.

When such outbreaks occur, detected via the cumulative (over a moving 3-
day period) NNDSS cases exceeding our forecasted cases by a threshold of ten
times the number of cases occurring in the last three days of the simulation
before the current time point, we add to our simulation state additional cases
determined by performing the initialisation step immediately above on the
day the threshold is exceeded. The additional n cases are distributed across
the 3-day period by adding n/6, n/3 and n/2 to each corresponding day
respectively, with the largest applied on the current day. This occurrence
is simulation dependent, but will coincide with the initial cluster outbreaks
observed in some jurisdictions.
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The model also allows for the re-introduction of cases when there has been
an extended period of no local cases. If the simulation does not have any
infections occurring in the previous seven days, and the NNDSS data does
on this particular day, then the missing cases are added to the simulation
state as described above. This ensures that when active cases have ceased in
the simulation, they can be reintroduced when observed.

Simulations are only permitted to re-initialise a maximum of ten times. If
this is exceeded, the simulation is excluded from the forecast. This ensures
parameters used in the forecast are reasonable and forecasts are not simply
a product of endless re-initialisations resulting in rare realisations that are
not representative of the parameters.

Where the number of cases in a simulation exceeds a threshold set for that
jurisdiction, the simulation is excluded from the forecast. For convenience,
we define the data date as the date at which observations from NNDSS are
provided up to, and the date at which the forecast begins.

Before the data date, the maximum threshold in the most recent 60 days
up to the data date is 100 local cases, or 4 times the number of local cases,
whichever is higher. If this is not exceeded, there is a further condition for
the most recent 14 days up to the data date to not exceed ten cases, or 1.5
times the number of local cases, whichever is higher.

If a simulation is excluded, either by exceeding the number of re-initialisations
or exceeding the maximum number of cases, the corresponding sample from
the posterior predictive distribution of RL(t) is then also excluded, and not
included in the forecast. Simulations continue until at least 2000 simulations
are not rejected

5.1.9 Forecast validation

The forecast is validated and its performance measured using the continuous
probability ranked score (CRPS), which is a proper scoring rule for proba-
bilistic forecasts and a generalisation of the mean absolute error [13, 60]. The
forecast is also compared to a reference forecast of random walk with drift
[81] using a skill score [86], which is trained on the most recent 14 days up
to the data date.
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5.2 Results

The whole pipeline was applied at multiple dates to examine the performance
of the forecast at various stages of the epidemic: fade-out during lockdown,
local outbreak, and ongoing transmission.

We will focus on the two most active jurisdictions, New South Wales (NSW)
and Victoria (VIC), at 3 key dates: July 1st 2020, Aug 5th 2020, and Sept 2nd
2020. These dates mark the beginning, peak and end of the second wave in
Victoria respectively, along with low levels of sustained transmission in New
South Wales. For forecasts of the other jurisdictions, please see Appendix C.

5.2.1 Inference

The posterior distribution of the effective reproduction number using his-
torical case data is shown in Figure 5.2. In jurisdictions where cases arrive
regularly, we can see a clear relationship between the arrival of cases and the
trend of the reproduction number, such as in NSW and VIC. However, as
seen in TAS and SA, when there are no cases for an extended period of time,
the estimate tends to revert to the prior distribution. Given not all cases
have been observed in the most recent ten days, there is also a noticeable
decline in the effective reproduction number in those ten days.

The marginal posterior distribution for the influence of each mobility metric
on the effective reproduction number in the social mobility model can be
seen in Figure 5.3. The mobility indicator with the greatest influence on the
effective reproduction number is visits to retail and recreation locations. The
effect of grocery and pharmacy is inferred to be negatively correlated to the
effective reproduction number, and this might be explained by the various
episodes of ‘panic buying’, where the public rush to purchase basic needs as
a local outbreak is announced [30]. This effect is minor relative to the effect
of visits to retail and recreation.

The general behaviour of individuals changes over time and in response to the
localised outbreaks and sentiment towards outbreaks in other jurisdictions.
Figure 5.4 depicts the inferred effect of micro-distancing behaviours on the
effective reproduction number over time. After the initial lockdown in March,
there is a waning effect over time as cases reduced. However, as VIC began
to see a local outbreak develop into a second wave of cases in June, the
jurisdiction was observed to increase micro-distancing behaviours, resulting
in a reduction in the posterior estimate of the effective reproduction number.
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Figure 5.2: The posterior distribution (blue) of the effective reproduction
number Reff estimated using case data from each State in Australia as of
August 5th 2020, with 50% and 90% credible intervals shaded. The most
recent 10 days are shown in orange, and are excluded from calibrating the
social mobility model as not all cases to occur on those dates have been
observed yet. The number of local (dark grey) and imported cases (light
grey) is shown plotted by symptom onset data.

See Figure C.6 for the proportion of surveyed individuals that observe micro-
distancing behaviours over time.

The hierarchical model allows for insight into the differences in base level
reproduction number in each jurisdiction RLi. From Figure 5.5, VIC, TAS
and NSW are inferred to have higher marginal posterior distributions of the
baseline reproduction number. This can be attributed to the clusters that
occurred in these two jurisdictions resulting in wider local outbreaks. Other
jurisdictions have not seen localised cases lead to further outbreaks.



5.2. Results 65

Figure 5.3: The marginal posterior distributions for the weight of the influ-
ence of social mobility metrics on their effect on the effective reproduction
number, as of 2020-08-05. Positive values are positively correlated with the
effective reproduction number.
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Figure 5.4: Posterior predictive distribution of the proportional effect of
micro-distancing Md on the effective reproduction number in all Australian
jurisdictions over time, as of 2020-08-05 (Vertical dashed line. Solid line
represents the median value, with dark and light shading the 50% and 90%
credible intervals.

5.2.2 Forecast results

The CRPS of the forecast tends to increase, and therefore predictive accuracy
reduces, over the forecast horizon, which is to be expected. However, when
examining the forecast skill score, the forecast performs well over the entire
forecast period (Figure 5.7).

The forecast at the data date of July 1st 2020 is the least predictive compared
to the random walk, and this may be due to the sudden onset of the second
wave in Victoria, where cases were initially driven by and highly concentrated
around a very small geographical area of nine tower blocks of 3000 residents
[105]. Disease transmission was not driven by the jurisdiction-wide trends
in mobility that this model uses, but by local differences. The model is
able to learn from this outbreak by the August 5th forecast (Figure 5.6),
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Figure 5.5: Marginal posterior distributions of the effective reproduction
numbers of each state RL and the effective reproduction number of imported
cases RI , as of 2020-08-05.

where we can see that it has captured the dynamics of transmission locally
in Victoria, given a corresponding increase in the posterior prediction for the
effective reproduction number. Note that throughout July, Victoria steadily
increased its restrictions on social mobility, culminating in a state of disaster
declaration in early August, where only essential food purchases and essential
work were allowed, with residents to otherwise remain at home. The forecast
model is able to capture these drastic and severe changes in social mobility.

For all forecasts, even during a highly localised event, we see that the model
is at least as predictive as the reference model, and excepting the sudden
onset of a local cluster, performs extremely well once sustained transmission
occurs or after changes in mobility in response to an outbreak, either by
policy or individual behaviours.
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Figure 5.6: The nowcast (blue) and forecast (orange) of observed local cases
and the local effective reproduction number in New SouthWales and Victoria,
using case data at three different dates. The shading represents the 90%,
80%, 70%, 60% and 50% quantiles. The dark grey bars represent the number
of observed local cases known as of the data date, the medium grey bars
represent the case data known 14 days after the data date, and the light grey
bars represent the known cases as of November 2nd 2020.



5.2. Results 69

Figure 5.7: The continuous ranked probability score (CRPS) and the forecast
skill of the New South Wales (NSW) and Victoria (VIC) forecast performance
for each of the data dates of interest - July 1st, August 5th, and September
2nd.
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5.3 Discussion

The most recent ten days up to the data date is excluded from calibrating
the social mobility model in Equation (5.2), which reduces the information
used in this framework. This is plotted in orange in Figure 5.2. Inference
on the historical effective reproduction number Reff relies on an unbiased
estimate of the number of cases observed. Using this estimate near the data
date results in a biased, lower estimate of the reproduction number, as not all
cases infected near the data date have been observed by the data date. Not
using the most recent data and adjusting for this censoring contributes to this
model’s poorer performance during the onset of an outbreak. Once observed,
the model is able to update and appropriately forecast the occurrence of an
outbreak. Methods for accounting for the censoring of observations near the
data date is left to further work, and is a current area of research [50].

The social mobility metrics used in the model are aggregates across entire ju-
risdictions, and may not be representative of those currently infected. There
may be a large amount of heterogeneity in individual mobility patterns, re-
sulting in poor predictions when given a low number of active cases. How-
ever, if cases rise to a larger number, then transmission begins to resemble
the jurisdictional level dynamics. This can be seen in the model performance
when comparing the July 1st forecast to the August 5th and September 2nd
forecasts.

Simulations are initialised with the number of cases observed on the first day,
and undetected cases simulated given these initial cases. This analysis used
an initial date where there were very few local cases to limit the influence of
the initial case distribution on the simulation path. This enables consistency
with the initial epidemiology being driven by importations from international
arrivals. The influence of the assumptions around the initial cases is yet
to be determined. Inference on these assumptions, as well as a number
of others, could be done through an Approximate Bayesian Computation
(ABC) framework. This may be computationally challenging, but allows
further inference in fitting to observed cases.

The model was compared to a random walk with drift [81] in this analy-
sis. Comparisons to more sophisticated epidemiological and non-mechanistic
models is possible with CRPS. These comparisons are left for further work.
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Code access

All code can be accessed at the repository

https://github.com/tdennisliu/covid19-forecasting-aus.
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Chapter 6

Evaluating the effectiveness of
contact tracing strategies and
performance metrics for
COVID-19

During any outbreak in the COVID-19 epidemic the purpose of testing is to
identify cases and initiate public health responses to reduce onwards spread of
infection. The most common approach to reducing transmission during incur-
sions is to identify and isolate close contacts before they transmit COVID-19
further into the community. If this can be achieved in a timely and rigorous
manner, then overall transmission may be reduced to a controllable level or
potentially eliminated.

Identification of close contacts can vary by the period of time to trace back
over and the number of generations to trace. For example, tracing two gen-
erations of close contacts identifies close contacts of the close contacts of the
index case. However, it is not known for COVID-19 whether increasing the
period of time to trace back or increasing the number of generations of close
contacts traced provide greater value for effort in minimising outbreak size
or elimination probability in a capacity constrained environment. Given the
need for both high levels of detection and timely isolation of cases to ensure
control [56, 70, 101], the aforementioned aspects of contact tracing must be
balanced appropriately. Which aspects to sacrifice may be dependent on the
epidemic stage, or the varying timeliness of different public health responses.

In Chapter 5, we constructed a framework to forecast COVID-19 cases in each

73
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Australian jurisdiction. In this chapter, we extend this work to an assessment
of the public health response, and to see how variation in the extent and
timeliness of case isolation and contact tracing influence transmission. We
then examine, as a case study, performance metrics utilised by the Australian
Government on determining the extent of control on current local outbreaks.

To help determine if local outbreaks are under control and appropriately
addressed by each jurisdiction in Australia, the Common Operating Picture
(COP) [5] was established to aid in consistent comparisons of performance
across the different populations in Australian jurisdictions. Here we will
focus on the performance metrics as they relate to contact tracing and test
turnaround time, where rapid detection and early isolation is targeted to aid
in disease control.

The content of this chapter forms part of a research contract with the Com-
monwealth of Australia to inform their COVID-19 response.

6.1 Model overview

Here, we adapt the branching process model (see Section 5.1.5) to evaluate
the effectiveness of contact tracing strategies, and the use of various per-
formance metrics as a case study. The performance metrics used here are
utilised by the Department of Health of the Australian Government at the
time of writing. We compare tracing efforts of differing rigour and evaluate
the utility of current green/amber/red Common Operating Picture [5] indi-
cators of public health response capacity to predict the likely effectiveness of
interventions1. Our branching process model is used to simulate the course
of an epidemic with theoretically infinite population size. Chains of disease
transmission are tracked over a period of 30 days for each simulation.

Three epidemic scenarios are considered, relating to a minor incursion, a
major incursion, and established community transmission. Table 6.1 shows
the conditions used to initialise each scenario in the model. The primary
goal is elimination for the incursion scenarios. In the case of active commu-
nity transmission, epidemic suppression is the primary goal, but elimination
remains desirable.

For each epidemic scenario, different contact tracing assumptions are ex-
plored, with a range of values considered for the routine detection probabil-

1At time of writing, we acknowledge that these indicators are currently in review and
may change in the future.
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Table 6.1: Epidemic scenarios and corresponding initial conditions examined.
Scenario Initial cases Initial undetected

on day 0 cases
Minor incursion 6 No
Major incursion 12 No
Active community transmission 60 Yes

ity (0.3, 0.5 and 0.8 of true cases identified by spontaneous presentation to
services). Mild and asymptomatic case detection probabilities are set to 1/5
of the symptomatic detection probability. Contact tracing efficiency, defined
as the probability a close contact of an index case who is positive will test
positive and be identified by contact tracing at any time within the duration
of backtracing, is assumed to be 0.9 for all results presented here. Minor
changes to this probability did not significantly alter the results.

The branching process model (Figure 6.1) is used to model the transmis-
sion process of COVID-19, as developed in Chapter 5. The proportion of
asymptomatic cases and their relative transmissibility is unchanged from
that work. Initial, detected index cases are seeded and observed on day 0,
and their symptom onset and infection dates drawn from samples of the in-
cubation period (TS) and the generation interval (TG) used previously in the
probabilistic forecasting model. 20% of initial cases are asymptomatic. The
number of offspring of each infected individual follows a negative binomial
distribution with mean equal to the effective reproduction number, which is
sampled for each individual from a distribution with mean 1.2 (Figure D.1).
The effect of the length of time prior to symptom onset that is contact traced
(τk), or backtracing, is two days at baseline assumptions.

The delay between symptom onset and contact tracing action was modelled
as four stages:

1 Presentation T1 (time between symptom onset and time of swab);

2 Test turnaround T2 (time between swab and time of laboratory result);

3 Notification T3 (time between laboratory result and time of health author-
ity notification);

4 Contact tracing action TA (time between health authority notification and
time contact traced).

Unlike the previous chapter, index cases are identified with probability equal
to the routine detection probability, and then contact tracing initiated on
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Figure 6.1: Diagram of branching process model, where each horizontal bar
is a positive case proceeding through time. In this diagram we show two
generations being traced (contacts of contacts). The time for an index case
to present for a test (T1), test turnaround time (T2), and notification of the
index case (T3) all contribute to delays towards action and isolation. The
action of notifying and isolating of close contacts occurs after a minor period
of time (TA). The generation interval (TG), the incubation period (TS), and
length of contact tracing (τk+T1+T2+T3), and isolation time (after T3) are
all marked for the index case. Positive cases may be missed by being outside
the contact tracing window (upper pink bar), but there is a probability that
positive cases may be detected via routine detection and surveillance (upper
red bar). Close contacts may also be missed due to the contact tracing
efficiency (lower pink bar).
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Table 6.2: Summary of gamma distribution parameters for delay distribu-
tions used, their performance targets, and modifications to the gamma dis-
tributions to align with the performance targets.
Delay Inferred Gamma Green Modifications

Parameters COP Target
1 Condition: each

sampled value is less
than 7 days.

Presentation
shape = 1.03
rate = 0.42

Not applicable.

2

Test
turnaround

shape = 7.91
rate = 4.86

2 and 3: 90% within 48
hours.
3: 100% within 24 hours.

Scaled by a factor
of 0.75.

3

Notification
shape = 0.45
rate = 1.82

Scaled by a factor
of 0.6

4 Parameters selected as
shape = 0.45,
rate = 1.82.

Contact trac-
ing action

Not applicable. 100% within 48 hours.

the index case. Close contacts within the tracing window (τk + T1 + T2 + T3)
traced with probability equal to the contact tracing efficiency.

The time distributions for delays 1, 2 and 3 were informed using data from
the National Notifiable Diseases Surveillance System (NNDSS) and adjusted
to match the green traffic light targets from the Common Operating Picture
(COP)[5]. To ensure that the distributions reflect current operations, the
NNDSS dataset was limited to include only cases occurring after 31/08/20,
at the end of the second wave in Victoria. In the absence of individual
records for delays in contact tracing action (Delay 4), a gamma distribution
was assumed with parameters selected to align with both the green traffic
light COP target and the New South Wales COVID-19 Weekly Surveillance
Reports [88]. The resulting distributions and the COP targets assessed here
are listed in Table 6.2.

The distribution of time for presentation for a test was truncated to 7 days.
This is based on the assumption that the majority of individuals who will
choose to present for a test will do so within 7 days of symptom onset, and
those who did not were mildly symptomatic and were identified through
contact tracing. These latter individuals would not have presented for a test
without being identified through contact tracing. The NNDSS data does not
differentiate whether a case was identified through routine surveillance or
through contact tracing.
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The model operates with the following assumptions:

• Cases identified through routine detection are assumed to isolate after
the public health unit (PHU) issues the notification of a positive case.

• Cases identified through contact tracing are assumed to isolate after
the PHU conducts the contact tracing interview of the parent case and
notifies the close contacts.

• A case that is missed through contact tracing may still be picked up in
routine detection (they are independent processes).

• The effective reproduction number is distributed around a mean of 1.2,
with 90% credible interval [1.02, 1.43] (Figure D.1).

• Testing and tracing capacities, where applied in simulations, are set
such that for every subsequent case on the same day of notification,
they are pushed back to the next day.

– Every identified (traced or routine detected) positive case adds
one to the testing queue, with capacity set to 500 per day.2

– Every identified positive case adds either five close contacts for
each generation traced, or double their number of positive infec-
tions, whichever is larger, to the contact tracing queue.

6.2 Strategies

Using the delay distributions and the branching process model outlined
above, we simulate the epidemic for each choice of routine detection probabil-
ity, contact tracing efficiency, and epidemic scenario. Each choice is simulated
10,000 times, with the epidemic trajectory recorded for 30 days. In each set
of 10,000 simulations, we prescribe various contact tracing assumptions:

1. Baseline: A baseline contact tracing intensity of first order close con-
tacts made within 48 hours prior to symptom onset of the index case,

2. Second order contacts: As in 1, but second order close contacts
(close contacts of close contacts) are also traced,

2While no information has been provided on capacity limits in jurisdictions of Australia,
the State of Victoria was notably struggling with case load at approximately 500 cases
per day in late July 2020, and so this is chosen as a reasonable limit for larger Australian
jurisdictions.
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3. Increased backtracing: As in 1, but an additional 24 hours of contact
tracing of first order close contacts, totalling 72 hours prior to symptom
onset of the index case, and

4. High intensity tracing: Both 2 and 3.

In the initial comparison of these four contact tracing assumptions, we set
no capacity constraints, so that the number of cases has no influence on the
delay distributions.

The four contact tracing assumptions above are also applied to the following
four scenarios:

A) Delayed presentation scenario: For each of the four assumptions, the
initial cases present for testing an additional 7 days later than in delay
distribution 1. All other cases present for testing as described in delay
distribution 1.

B) Delayed presentation with capacities: As in A), but where the test-
ing and tracing capacities are set to 500 cases per day.

C) Testing at capacity: For each of the four contact tracing assumptions,
the simulations are initialised with testing already at capacity, and hence
the simulation will be in the amber zone of the COP metric for test
turnaround times, before the initial cases are observed.

D) Tracing at capacity: For each of the four contact tracing assumptions,
the simulations are initialised with contact tracing already at capacity,
and hence the simulation will be in the amber zone of the COP metric for
contact tracing notification times, before the initial cases are observed.

E) Sensitivity to generation interval: The generation interval is in-
creased to match the distributions found in Ferretti et al. 2020 [38], and
the sensitivity of the results for each of the four contact tracing assump-
tions to this distribution examined, with capacity limits active.

The relevance of the COP performance targets for capacity are then exam-
ined in the baseline contact tracing assumptions (1) for C), D) and E). The
performance targets are defined in relation to the delay distributions in Table
6.2.

The total number of cases, COP performance metrics, and whether epidemic
elimination occurred are recorded for each simulation. The elimination prob-
ability is defined as the proportion of simulations for each choice of parame-
ters where no further infections occurred after 30 days, signalling the end of
the outbreak within 30 days.
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6.3 Results

6.3.1 Contact tracing strategies

Given no capacity constraints, we examine the relative change in elimination
probability relative to the current tracing effort (assumption 1) with tracing
assumptions 2, 3, and both 2 and 3 in Figure 6.2. Given no capacity limits,
we find that tracing second order contacts is more effective than increased
duration of testing, and that doing both has synergistic effects. However, it
should be noted that the absolute improvement is marginal.

The marginal improvement is partially due to high variance in the number of
secondary cases of COVID-19. There is a high probability of cases producing
no offspring, but small probability of few cases producing many. This can
lead to elimination (through stochasticity) regardless of choice of tracing
policy.

We undertake a sensitivity analysis on the influence of delays to initial case
detection, by comparing this level of contact quarantine intensity for cases
presenting for tests within 7 days of symptom onset (Figure 6.2), or beyond
7 days (Figure 6.3 and 6.4) for initial cases, before reverting to previous
assumptions on presentation times for tests of subsequent cases. However,
there are only minor changes to the improvement in elimination probability
across the tracing strategies when initial cases present at least 7 days after
their symptom onset date.

When capacity constraints are active, as seen in Figure 6.4, the policy of
tracing second order contacts can be detrimental, as seen in the Active Com-
munity Transmission scenario, as increased tracing effort leads to tracing
capacity reached earlier and delays impeding control and isolation. In the
current implementation of the base assumptions, tracing capacities are usu-
ally reached before testing capacities.

6.3.2 Systems under stress

We consider the impact of capacity constraints on the likely effectiveness of
public health responses of different intensity, represented as a shift in the
COP indicators from green to amber. It is plausible that testing capacity
and the ability to notify cases or trace contacts may be differentially stressed
in the epidemic response. Key indicators are therefore varied one at a time
to assess their overall public health response effectiveness.



6.3. Results 81

Figure 6.2: The marginal improvement in elimination probability after 30
days relative to first order contact tracing up to the preceding two days to
symptom onset of the index case, given no capacity limits, at routine detec-
tion probabilities of 0.3, 0.5 and 0.8. The assumptions examined are increased
duration of backtracing up to three days prior to symptom onset (Days=-
3, Assumption 3, blue), tracing an additional generation of close contacts
(N Gens=2, Assumption 2, orange), and both of the former (Assumptions 2
and 3, green).
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Figure 6.3: The marginal improvement in elimination probability given initial
cases present for testing >7 days since symptom onset and given no capacity
limits, relative to first order contact tracing up to the preceding two days to
symptom onset of the index case, at routine detection probabilities of 0.3, 0.5
and 0.8. The assumptions examined are increased duration of backtracing up
to 3 days prior to symptom onset (Assumption 3, blue), tracing an additional
generation of close contacts (2, orange), and both of the former (2 and 3,
green).
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Figure 6.4: The marginal improvement in elimination probability given initial
cases present for testing >7 days since symptom onset and with capacity
limits imposed, relative to first order contact tracing up to the preceding two
days to symptom onset of the index case, at routine detection probabilities
of 0.3, 0.5 and 0.8. The assumptions examined are increased duration of
backtracing up to 3 days prior to symptom onset (Assumption 3, blue),
tracing an additional generation of close contacts (2, orange), and both of
the former (2 and 3, green).
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When testing is initialised at capacity, we see that while initially many sim-
ulations are in either amber or red alert, in both minor and major incursions
the test turnaround COP metric is able to recover to green over time (Figure
6.5). During active community transmission, the large number of cases con-
tinues to escalate, resulting in higher and high proportions of simulations in
the amber and red zones. The COP target for contact tracing also deterio-
rates over time as the epidemic grows. Reaching the amber and red zones at
least once for the test turnaround time target is indicative of greater number
of cases within 30 days, but not for the contact tracing target in the minor
and major incursions.

If a simulation reaches a red alert, it will often indicate that the outbreak
will reach a larger final size, but this is not always the case as seen in Figures
6.11 and 6.13. This unintuitive result can be explained when there are fewer
cases.

For example, using a data driven approach from the NNDSS case data as in
this study, the delay distribution for testing turnaround times is defined to
have 0.9 probability to be less than 48 hours (see Figure D.3). If there are 3
cases in the week, and no issues with capacity, then each of the 3 cases has an
independent 0.1 probability of exceeding the COP metric. The probability of
at least 1 of the 3 cases exceeding the COP metric can be determined from a
binomial distribution giving a 0.27 probability of occurring. In a week with
3 cases that are well under control, there is a 0.27 probability of giving a red
alert and 0 probability of giving an amber alert. With 20 cases in a week,
the red alert is reached when 3 or more cases exceed 48 hours. The binomial
probability of this occurring is 0.04.

We see similar effects when instead of testing we have contact tracing ini-
tialised at capacity. Loss of public health response efficacy is seen in out-
break response settings when contact tracing times increase, demonstrated
by amber status. Delays in testing exert their greatest impacts in the com-
munity transmission scenario, particularly when contact tracing capacity is
stretched, as the ability to detect cases beyond tracing efforts is reduced,
resulting in fewer constraints on transmission (see Figure 6.12).

We consider the sensitivity of the total outbreak size after 30 days on the
presentation time of the initial cases. We initialise simulations using initial
cases with presentation times of an additional 7 days plus a sample from the
presentation delay distribution. In Figure 6.13, we see that the average num-
ber of cases across all scenarios are higher than in Figure 6.10, particularly
in scenarios where control of the outbreak is lost.



6.3. Results 85

Figure 6.5: The proportion of the simulations at green, amber and red of the
COP metric for providing test results of positive cases within 48 hours, given
routine detection probabilities of 0.3, 0.5 and 0.8. Simulation initialised with
tests to complete at capacity, while assuming first order contact tracing up
to the preceding two days of symptom onset of the index case.
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Figure 6.6: The proportion of the simulations at green, amber and red of
the COP metric for contacting close contacts within 48 hours, given routine
detection probabilities of 0.3, 0.5 and 0.8. Simulation initialised with tests
to complete at capacity, while assuming first order contact tracing up to the
preceding two days of symptom onset of the index case.
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Figure 6.7: The mean total number of cases in simulations that never ex-
ceeded the COP metric for testing turnaround delays (green), exceeded at
least once into amber alert but never red (amber >0) and exceeded at least
once into red alert, given the simulation begins with testing at capacity and
routine detection probabilities of 0.3, 0.5 and 0.8. Simulations assume first
order contact tracing up to the preceding two days of symptom onset of the
index case.
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Figure 6.8: The proportion of the simulations at green, amber and red of
the COP metric for contacting close contacts within 48 hours, given routine
detection probabilities of 0.3, 0.5 and 0.8. Simulation initialised with tracing
to complete at capacity, while assuming first order contact tracing up to the
preceding two days of symptom onset of the index case.



6.3. Results 89

Figure 6.9: The proportion of the simulations at green, amber and red of the
COP metric for testing delays within 48 hours, given routine detection prob-
abilities of 0.3, 0.5 and 0.8. Simulation initialised with tracing to complete
at capacity, while assuming first order contact tracing up to the preceding
two days of symptom onset of the index case.
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Figure 6.10: The mean total number of cases in simulations that never ex-
ceeded the COP metric for tracing delays (green), exceeded at least once into
amber alert but never red (amber >0) and exceeded at least once into red
alert, given routine detection probabilities of 0.3, 0.5 and 0.8. Simulations
use first order contact tracing up to the preceding two days of symptom onset
of the index case.
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Figure 6.11: The mean total number of cases in simulations that never ex-
ceeded the COP metric for tracing delays (green), exceeded at least once into
amber alert but never red (amber >0) and exceeded at least once into red
alert, given routine detection probabilities of 0.3, 0.5 and 0.8. Simulation ini-
tialised with tracing to complete at capacity, and assume first order contact
tracing up to the preceding two days of symptom onset of the index case.
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Figure 6.12: The average number of total cases after 30 days after reaching
amber for testing delays at least once, compared to when never reaching
amber, given routine detection probabilities of 0.3, 0.5 and 0.8. Simulations
initialised with tracing to complete at capacity, and assume first order contact
tracing up to the preceding two days of symptom onset of the index case.
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Figure 6.13: The average number of total cases after 30 days after reaching
amber for testing delays at least once, compared to when never reaching
amber, given routine detection probabilities of 0.3, 0.5 and 0.8. Simulations
initialised with the index cases presenting for swabbing an additional seven
days plus the sampled presentation time.
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Figure 6.14: The sampled distribution of the time in days of transmission
relative to symptom onset of the infector (TOST) used in this analysis (blue),
and an alternative similar to that found in Ferretti et al. 2020 (orange). 40%
of infections will occur 3 days before symptom onset, and 80% of infections
by 1 day after symptom onset. In the Ferretti et al. distribution, 40% of
infections occur 0.70 days before symptom onset, and 80% of infections occur
by 2.5 days after symptom onset.

6.3.3 Sensitivity to generation interval

For a number of reasons, case isolation alone has limited effectiveness for
controlling the spread of COVID-19. A substantial proportion of the infec-
tious period occurs prior to symptom onset [38, 56, 58, 111], and this is also
the case in the choice of generation interval and incubation period distribu-
tions used here where 40% of infections occur 3 days before symptoms onset.
The sampled distribution of transmission relative to symptom onset of the
infector used here can be seen in Figure 6.14. We examine the sensitivity of
our results to this assumed distribution by comparing them with simulations
incorporating a longer generation interval to align with the distributions pro-
posed by Ferretti et al. (2020)[38]. The results of this comparison can be
seen in Figure 6.15.
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Figure 6.15: The marginal improvement in elimination probability using the
approximate generation interval and TOST used in Ferretti et al. (2020),
relative to first order contact tracing up to the preceding two days to symp-
tom onset of the index case, with capacity limits and given routine detection
probabilities of 0.3, 0.5 and 0.8. The assumptions examined are increased
duration of backtracing up to 3 days prior to symptom onset (Assumption
3, blue), tracing an additional generation of close contacts (2, orange), and
both of the former (2 and 3, green).
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6.4 Discussion

The marginal improvement in elimination probability is low across all sce-
narios if the proportion of pre-symptomatic transmission is high. When a
lower pre-symptomatic transmission is assumed, the marginal improvement
in elimination probability is much higher, as seen when comparing Figures
6.2 and 6.15. Differing settings and contexts will change the generation in-
terval distribution, and the appropriate assumption may lead to alternative
conclusions to those presented here. The sensitivity to the generation inter-
val presented here is a significant consideration when intending to generalise
this work to other settings. However, the model described in this chapter is
flexible to changes in the generation interval, and can be adapted to other
contexts.

In both the minor and major incursion, the absolute elimination probability
at baseline is already high, largely due to the small value of the dispersion
k = 0.1, as described in Section 2.3.1 and Section 5.1.6. This leads to a
high probability of very few offspring from the initial cases, which can lead
to elimination, but small probability of a very large number of offspring that
may be difficult to contain. In the latter outcome, the mean number of
cases after 30 days may be a better metric to examine, and this is presented
in some scenarios here. However, it is likely that presented with a super
spreading event, public health departments may choose to initiate wider scale
social distancing policies, such as lock downs and large scale limitations in
mobility of the public. This can be modelled in this framework, where the
overall reproduction number RL(t) may be reduced according to the model in
Chapter 5 (see Equation (5.4)), triggered by observing more than a threshold
of cases. The complexity of choosing a threshold, which will vary among the
many scenarios and assumptions examined here, is left for future work.

In this chapter, we have adapted a branching process model to examine the
effectiveness of different contact tracing strategies, and considered the rele-
vance of performance metrics in examining contact tracing effectiveness, us-
ing targets taken from an Australian context. We found that with no capacity
constraints, tracing second order contacts is more effective than pursuing an
increased duration of backtracing from 2 days prior to symptom onset up to
3 days, but there are synergistic effects of implementing both. However, if
capacity constraints are exceeded, tracing second order constraints may lead
to detrimental outcomes as additional delays occur. Care must also be given
when using metrics to assess the performance of contact tracing, to avoid
misleading signals when there are few cases.
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Conclusion

This thesis utilises digital data to provide insight to social behaviours that
may drive disease transmission and observations. We have examined how be-
haviours may influence the observations of an epidemic, and how the response
of individuals and public health may change the course of the epidemic, us-
ing Bayesian inference methods to learn the influence of behaviour on epi-
demiological parameters, and mathematical models to simulate probabilistic
outcomes.

In Chapter 3 we address how the behaviour of individuals in a participa-
tory health surveillance system is influenced by acquisition of the disease we
wish to observe, resulting in a biased estimate of disease prevalence. Using
a Bayesian logistic regression model, we arrive at a substantially different
estimate of disease prevalence after adjusting for individual behaviours. We
see that individuals are much more likely to participate when they them-
selves have symptoms, but this effect decays over time. This is extended
in Chapter 4 where we apply a similar approach to determine the proba-
bility of individuals being associated with an influenza test from a primary
care physician. Compared to other machine learning classifiers, our model is
among the best performing algorithms, while inherently providing estimates
of uncertainty, which is critical for public health policy. The framework used
in both Chapter 3 and Chapter 4 can be used wherever participation is of
concern in digital health surveillance systems, and emphasises the influence
of the behaviour of individuals in observing epidemics.

Chapter 5 then developed a framework to understand and forecast the spread
of COVID-19 in Australian jurisdictions, applying a model incorporating
social mobility metrics and individual behaviour to an established method
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of inferring the effective reproduction number [27, 112] to better adapt to
changing behaviours and response to an ongoing epidemic, without relying
solely on historical case incidence. A hierarchical model is applied to allow
for differences across jurisdictions, while also partially informing parameters
from jurisdictions with greater observations to jurisdictions with very few.
The forecasted effective reproduction number is then used to simulate the
number of cases into the future. This framework is validated across a number
of forecasts that cover large changes in epidemic activity and social mobility
from individual behaviours and government policy. The branching process
model of this framework was expanded to assess the effectiveness of contact
tracing strategies in Chapter 6, where different public health responses in
capacity constrained environments were compared. Using targets set by the
Australian Government’s Department of Health as a case study, we assess the
efficacy of certain performance metrics in signalling control of an outbreak.

Throughout this thesis, we have emphasised the ability of digital data sets in
providing insight into the influence of behaviour in epidemics that is typically
unavailable in traditional settings. When carefully utilised, epidemic models
incorporating such insights and behaviour provide a greater understanding of
disease transmission that are robust to changing circumstances. The frame-
works developed in this thesis can be applied in a variety of contexts and
settings wherever digital data sets can provide insight into behaviour in epi-
demics.
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Supplementary material for
Chapter 3: User behaviour in
digital systems

Methods

Table A.1 presents all predictors used in the analysis. Figure A.1 depicts the
choice of prior distribution for the regression coefficients.

Results

All figures are presented in reverse chronological order, as the more recent
years have the most directly comparable populations of participants to 2017,
the year that was primarily discussed in the main paper. Figures A.2 to A.7
compare the näıve estimate to model posterior distributions of ILI preva-
lence in vaccinated and unvaccinated individuals across all years studied.
2017 results are presented in the main article. Figures A.8 to A.12 show
the marginal posterior densities of the log odds ratio of all regression co-
efficients for predicting the probability of an individual reporting on-time
across all years examined. Figure A.11 shows some of the bivariate kernel
densities of certain parameters of the posterior, displaying the lack of corre-
lation between parameters in the posterior. Figures A.13 to A.19 compare
the model predictions against summary statistics of the test sets across all
years examined.
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Table A.1: List of predictor variables used and their definitions. Asterisks
indicate variables in which the value is divided by the number of weeks in
the season to scale the predictor between 0 and 1. School holidays breaks
are sourced from the Australian Government [3].
Predictor Description
HH has reported having ILI
previously

Has the household (HH) reported having
ILI previously this year, exclusive of the
master.

HH has reported having
symptoms

Has the HH reported having either fever or
cough, but not both, previously this year,
exclusive of the master.

Master works with patients Is the master in a patient facing occupa-
tion.

Report is during a
State/Territory school
holiday

Does the current survey week cover days
that are in the master’s state school holi-
day period.

Master is reporting on be-
half of others

Is the master reporting on behalf of others.

Master reported having ILI
previously

Has the master reported having ILI previ-
ously this year.

Master reported having a
symptom previously

Has the master reported having either
fever or cough, but not both, previously
this year.

Master is vaccinated Has the master reported being vaccinated
for influenza this year.

Proportion of reports so far Proportion of reports submitted on-time
so far this year.

Number of weeks since HH
reported having ILI*

The number of weeks since the HH, but
not the master, was reported to have ILI.

Number of weeks since HH
reported having symptoms*

The number of weeks since the HH, but
not the master, was reported to have a
fever or a cough, but not both.

Number of weeks since re-
porting ILI*

The number of weeks since the master re-
ported having ILI.

Number of weeks since re-
porting symptom*

The number of weeks since the master re-
ported having a fever or a cough, but not
both.

Week Categorical predictor for the week of the
survey. Not used in predicting whether
a report will be on-time or late given a
report has been submitted.

Intercept Intercept variable to capture base level
reporting rate. Not used in predicting
whether a report will be on-time or late
given a report has been submitted.
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Figure A.1: The prior distribution of the regression coefficients transformed
from the log odds scale to the probability scale via the logit function, after
multiplication with 1000 samples from the training set predictors of 2017.
The covariance matrix 0.7 I was chosen for the model as it was somewhat
uniform across the probability scale, with some skewness towards the bound-
aries.
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Figure A.2: Comparison of model posterior estimate of the prevalence rate
of ILI in the population to the näıve estimate for the winter of 2016, and
the difference between the two distributions over time. Lines represent the
median of the distribution and shaded regions are 95% credible intervals of
the posterior distributions.
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Figure A.3: Comparison of model posterior estimate of the prevalence rate
of ILI in the population to the näıve estimate for the winter of 2015, and
the difference between the two distributions over time. Lines represent the
median of the distribution and shaded regions are 95% credible intervals of
the posterior distributions.
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Figure A.4: Comparison of model posterior estimate of the prevalence rate
of ILI in the population to the näıve estimate for the winter of 2014, and
the difference between the two distributions over time. Lines represent the
median of the distribution and shaded regions are 95% credible intervals of
the posterior distributions.
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Figure A.5: Comparison of model posterior estimate of the prevalence rate
of ILI in the population to the näıve estimate for the winter of 2013, and
the difference between the two distributions over time. Lines represent the
median of the distribution and shaded regions are 95% credible intervals of
the posterior distributions.
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Figure A.6: Comparison of model posterior estimate of the prevalence rate
of ILI in the population to the näıve estimate for the winter of 2012, and
the difference between the two distributions over time. Lines represent the
median of the distribution and shaded regions are 95% credible intervals of
the posterior distributions.
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Figure A.7: Comparison of model posterior estimate of the prevalence rate
of ILI in the population to the näıve estimate for the winter of 2011, and
the difference between the two distributions over time. Lines represent the
median of the distribution and shaded regions are 95% credible intervals of
the posterior distributions.
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Figure A.8: The marginal posterior densities of the log odds ratio of the first
half of non-chronological regression coefficients for predicting the probability
of an individual reporting for all years.
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Figure A.9: The marginal posterior densities of the log odds ratio of the sec-
ond half of non-chronological regression coefficients for predicting the prob-
ability of an individual reporting for all years.



110 Appendix A.

Figure A.10: The marginal posterior densities of the log odds ratio of the
largest regression coefficients for predicting the probability of an individual
reporting for all years. Presented here are coefficients for if a member of the
household has ILI and the proportion of reports submitted on-time
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Figure A.11: The bivariate kernel density of samples from the posterior for
some parameters inferred from the 2017 data. Bivariate plots show little
correlation between parameters, with some correlation in the chronological
regression coefficients (Week 21 and Week 22).
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Figure A.12: The marginal posterior densities of the log odds ratio of chrono-
logical regression coefficients for predicting the probability of an individual
reporting in a given week for years 2011 to 2016.
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Figure A.13: Cross validation of model predictions with actual outcomes of
test set for the 2017 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Figure A.14: Cross validation of model predictions with actual outcomes of
test set for the 2016 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Figure A.15: Cross validation of model predictions with actual outcomes of
test set for the 2015 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Figure A.16: Cross validation of model predictions with actual outcomes of
test set for the 2014 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Figure A.17: Cross validation of model predictions with actual outcomes of
test set for the 2013 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Figure A.18: Cross validation of model predictions with actual outcomes of
test set for the 2012 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Figure A.19: Cross validation of model predictions with actual outcomes of
test set for the 2011 season. Lines represent the median and shaded regions
the 95% credible intervals. The model is able to generate the data observed
in the test set with high probability.
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Appendix B

Supplementary material for
Chapter 4: Behaviour in
testing

B.1 Predictors

The complete set of predictors used in the model and their definitions can
be seen in Table B.1. These were derived from the variables in Table 3.1.

B.2 Supplementary results

Figure B.1 displays the log odds ratio of the all the non-chronological regres-
sion coefficients for predicting the probability of receiving an influenza test
when presenting to the family doctor, ordered by the median of the their
marginal posterior distribution.
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Table B.1: Predictors used as input to classification algorithms.
Predictor Explanation
Days of absence The number of days the patient is

absent from normal duties and work
in the reporting week.

Healthcare worker Is the patient in a patient facing oc-
cupation.

HH has children Are any of the patient’s reported
household (HH) members under 15
years of age.

Patient reported hav-
ing ILI

Has the patient reported having ILI
previously in the year.

HH reported having ILI
previously

Have members of the patient’s HH
reported having ILI previously in
the year.

Patient is elderly Is the patient over the age of 65
years.

Patient is child Is the patient under 5 years of age.
Patient is youth Is the patient between 5 and 15

years of age.
Second visit Has the patient previously reported

visiting the family doctor earlier in
the year.

Patient is vaccinated Has the patient reported being vac-
cinated for influenza this year.

HH has elderly Are any of the patient’s reported
household members over the age of
65 years old.

HH currently ILI Does another member of the pa-
tient’s household currently have ILI.

Year Categorical predictor for the year
the survey has been submitted for.

Intercept Base level testing influenza rate.
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Figure B.1: The marginal posterior densities of the log odds ratio of the
regression coefficients for predicting the probability of receiving an influenza
test when presenting to the family doctor.
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Appendix C

Supplementary material for
Chapter 5: Forecasting
COVID-19 using social mobility

C.1 Methods

C.1.1 Importation model

We use six time periods (i = 1, . . . , 6) corresponding to:

• 01/03/20 to 06/03/20;

• 07/03/20 to 13/03/20;

• 14/03/20 to 18/03/20;

• 19/03/20 to 23/03/20;

• 24/03/20 to 14/04/20; and,

• 15/04/20 onwards.

Imported cases, and their dates of appearance in the NNDSS, were deter-
mined by:

125



126 Appendix C.

• if known to be acquired in Australia, unknown, or missing, then it was
assumed to be locally acquired, and is otherwise an import; and,

• True Onset Date is used as the primary date; but Notification Date - 5
is used as required, due to missing data. If Notification Date is missing,
then Notification Receive Date -6 is used.

To assign these to the period in which they are likely to have arrived (as
infectious), we have subtracted 4 days from their symptom onset date, for
fitting purposes. We assume, within each state (j = 1, . . . , 8) and in each
period, i, a Poisson number of imports which are subsequently detected, Ni,j.
That is, Ni,j ∼ Poi(λi,j) independently each day.

Assuming a priori λi,j ∼ Gamma(α, β), we have a posteriori that λi,j ∼
Gamma(ai,j, bi) where

ai,j =

󰀫
α + ni,j if i ∕= 4,

α + 1.3ni,j, if i = 4

bi = β +mi,

in which ni,j is the total number of detected imported cases in period i in
State j, andmi is the number of days in the period i (m = (m1,m2,m3,m4,m5,m6) =
(6, 8, 4, 5, 22, 152)). This could be generalised to have different priors in each
State and/or period if imported cases is of significant interest in future work.

Imported infectious individuals that are to be subsequently detected are sim-
ulated, each day in period i in State j, Di,j, from its posterior predictive
distribution,

Di,j ∼ NegBin(ai,j, 1/(bi + 1)).

The parameters of the prior distribution have little impact on the posterior
distribution. They are set to α = 1 and β = 1/5.

We then need to simulate for each of these individuals a time from the symp-
tom onset distribution, which then determines the day upon which they are
observed, to fit the dates of appearance of imported cases in the NNDSS
data.

After generating di,j for each day in period i in State j, we sum up the
total number of such cases, si,j, and simulate the total number of undetected
imported cases for the period i and State j, Ui,j, as

Ui,j ∼ NegBin(si,j, qI),
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where qI is the detection probability of imported cases. The undetected
imported cases are allocated to the days in the period i with equal probability.

This process is simulated first, before seeding with any local cases and sim-
ulating forward.

C.1.2 Results

Figure C.1: Marginal posterior distributions of the effective reproduction
number of imported cases RI and the distribution of the effective reproduc-
tion numbers of all states RLi national compared to their respective prior
distributions.
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Figure C.2: The nowcast (blue) and forecast (orange) of observed local cases
and the local effective reproduction number in Queensland, South Australia
and Tasmania, using case data at 3 different dates. The shading represents
the 90%, 80%, 70%, 60% and 50% quantiles. The dark grey bars represent
the number of observed local cases known as of the data date, the medium
grey bars represent the case data known 14 days after the data date, and the
light grey bars represent the known cases as of November 2nd 2020.
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Figure C.3: The nowcast (blue) and forecast (orange) of observed local cases
and the local effective reproduction number in Western Australia, Australian
Capital Territory and the Northern Territory, using case data at 3 different
dates. The shading represents the 90%, 80%, 70%, 60% and 50% quantiles.
The dark grey bars represent the number of observed local cases known as of
the data date, the medium grey bars represent the case data known 14 days
after the data date, and the light grey bars represent the known cases as of
November 2nd 2020.
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Figure C.4: Model forecasted versus observed of imported cases by State.
Forecasted until 02/09/20. The vertical dashed line is the date from which
forecasts begin.
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Figure C.5: The posterior predictive distribution of the effective reproduction
number of all cases from the social mobility model µ̂(t) (blue) compared to
Reff (orange) estimated using case data as of August 5th 2020. Solid line
represents the median value, with the darker and lighter shade representing
the 50% and 90% credible interval respectively.
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Figure C.6: The historical trend for the proportion of surveyed individuals
observing micro-distancing behaviour (blue) and the forecasted values (black)
as of 2020-08-05. Solid lines represent the mean value while intervals are the
25% and 75% quantiles of the sampled distributions.
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Figure C.7: The historical Google mobility index for visits to parks (blue)
and the forecasted values (black) as of 2020-08-05. Solid lines represent the
mean value while intervals are the 25% and 75% quantiles of the sampled
distributions.
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Figure C.8: The historical Google mobility index for visits to transit stations
(blue) and the forecasted values (black) as of 2020-08-05. Solid lines represent
the mean value while intervals are the 25% and 75% quantiles of the sampled
distributions.
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Figure C.9: The historical Google mobility index for visits to grocery and
pharmacy locations (blue) and the forecasted values (black) as of 2020-08-
05. Solid lines represent the mean value while intervals are the 25% and 75%
quantiles of the sampled distributions.
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Figure C.10: The historical Google mobility index for visits to retail and
recreation locations (blue) and the forecasted values (black) as of 2020-08-
05. Solid lines represent the mean value while intervals are the 25% and 75%
quantiles of the sampled distributions.
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Figure C.11: The historical Google mobility index for visits to workplaces
(blue) and the forecasted values (black) as of 2020-08-05. Solid lines represent
the mean value while intervals are the 25% and 75% quantiles of the sampled
distributions.
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Appendix D

Supplementary material for
Chapter 6: Evaluating contact
tracing strategies

Figure D.1: The distribution of the reproduction number, and the mean of
the negative binomial offspring distribution. This distribution has mean 1.20
and 90% credible interval 1.02 - 1.43.
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Figure D.2: The distribution of the delay between symptom onset to pre-
sentation for a test. Derived from NNDSS data and truncated at 7 days.

Figure D.3: The distribution of the delay between presentation for a test and
notification of positive result to the PHU. The dashed line represents the 90th
percentile, aligning with the COP indicator of less than 10% exceeding 48
hours. Derived from NNDSS data fields SPECIMEN COLLECTION DATE
and NOTIFICATION DATE. This delay may be impacted by exceeding lim-
its on testing capacity.
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Figure D.4: The distribution of the delay between test completion of a posi-
tive case and the PHU notifying the index case. The dashed line represents
the 99th percentile, aligning with the COP indicator of 0 cases exceeding
24 hours. Derived from NNDSS data fields NOTIFICATION DATE and
NOTIFICATION RECEIVE DATE. This distribution is identical to the dis-
tribution of delay from conducting case interviews and notifying close con-
tacts (Delay 4), and occurs after the index case is notified. Delay 4 may be
impacted by exceeding limits on contact tracing capacity.
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